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Abstract 
Classification errors using texture are most likely associated 
with class edges, but investigators oflen avoid edges when 
evaluating texture for classification. The large windows needed 
to produce a stable texture measure produce large edge effects. 
Small windows minimize edge effects, but often do not provide 
stable texture measures. Simulated data experiments showed 
that class separability increased when texture was used in 
addition to spectral information. Texture separability im- 
proved with larger windows. This improvement was over 
estimated when pixels were chosen away from class edges. 
Airborne Data Acquisition and Registration (ADAR) data 
showed that separability of class interiors improved with the 
addition of texture, but that, for the whole class, sepambility 
fell. Maximum-likelihood classification of the ADAR data 
demonstrated the effect of edges and multiple scales in 
reducing the accuracy of classification incorporating texture. 

Incorporating spatial information in image processing is a 
recurrent theme in the remote sensing literature. Spatial prop- 
erties are so clearly an important part of human vision (Marr, 
1982) that it seems intuitive that texture and context should 
also be important in image processing. Nevertheless, despite 
decades of research, a robust method for the incorporation of 
texture into image classification remains an elusive goal. This 
study is an empirical analysis of the problems of utilizing tex- 
ture in classification. Major themes of this work include the 
issue of the scale over which texture is measured, and the con- 
text dependence of the scale of texture, particularly the prob- 
lem known as the edge effect. This latter issue arises because in 
most texture images the major cause of variation in texture is 
the difference between the typically high values associated 
with between-class texture, and the lower values associated 
with within-class texture. An understanding of the problems of 
using texture is an important first step in developing strategies 
to overcome the barriers that have made utilizing texture so 
difficult. 

This paper is organized in six sections. Following this 
introduction, the next section gives a short review of texture 
and scale. This is followed by a conceptual development, in 
which the terminology and main issues discussed in this paper 
are defined in more detail. After the description of the methods, 
the results are presented for simulated and then real data. Sim- 
ulated data are used because imagery of known and specified 
spectral and spatial parameters is particularly useful in run- 
ning experiments. Aircraft data are used to show the real-world 
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application of the relationships observed with the simulated 
data. Finally, the conclusions summarize the major findings of 
the work, and point towards solutions that may overcome the 
problems described. 

Image Texture 
Texture, the expression of the local spatial structure in digital 
images, has been described in many ways. Wang and He (1990) 
defined texture as the tonal or gray level variation of an image. 
Hsu (1978) defined it as the spatial distribution of tones of the 
pixels in remotely sensed images. Haralick (1979) described 
texture as a scale-dependent phenomenon that arises from the 
spatial interrelationship between tonal primitives, or groups of 
similar pixels, which comprise the scene. 

Texture is usually quantified using the statistics of image 
digital numbers (DN) within a window of interest, such as a 3- 
by 3- or 5- by 5-pixel matrix. First-order statistics, especially 
variance, are common measures of texture. The variance filter 
provides a measure of local homogeneity in an image and can 
be regarded as a non-linear, non-directional edge detector 
(Wilson, 1997). Second-order statistical measures, such as 
the gray-level co-occurrence matrix (GLCM) of Haralick and 
Shanmugam (1974), are also used as texture measures. Weszka 
et al. (1976), Connors and Harlow (1980), and Marceau et al. 
(1990) found that the GLCM and other similar measures of tex- 
ture did not necessarily result in improved classification accu- 
racy compared to first-order statistical texture measures. 
Therefore, a variance filter was chosen as the texture measure 
for this research. Variance was calculated as (Jensen, 1996) 

where 

and fi is frequency of gray level i occurring in a pixel window, 
quantk is the quantization level of band k (e.g., Z8 = 0 to 255), 
and Wis total number of pixels in a window. 

Although much research has focused on developing and 
comparing different texture measures, the question of scale 
over which texture is measured (Hay et al., 1997) may be a more 
important issue. For example, Marceau et al. (1990) found that, 
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for classifications incorporating texture, 90 percent of the vari- 
ability in the accuracy is accounted for by the size of the texture 
window, compared to only ten percent for the particular tex- 
ture algorithm. 

A number of studies have pointed out the importance of 
scale in texture analysis. Hodgson (1998) found that a mini- 
mum size window was needed for accurate cognitive (i.e., 
visual) classification, and that the window size needed 
increased as spatial resolution increased. Accuracy tended to 
increase until a threshold was reached, after which no further 
advantage was gained from larger windows (Hodgson, 1998). In 
an early attempt to develop an automated method of determi- 
nation of the appropriate window size for texture calculation, 
Chavez and Bauer (1982) proposed a technique based on the 
horizontal first difference, or derivative, of an image. Curran 
(1988) and Franklin and McDermid (1993) used semivario- 
grams for the same purpose. Woodcock and Strahler (1987) 
demonstrated the use of graphs of local variance plotted 
against spatial resolution (pixel size) as a tool for understand- 
ing the scale of elements in an image. In a later study, Marceau 
et al. (1994) used the same approach to derive optimal spatial 
resolutions for studying forested environments. 

A number of contradictory conclusions have been reached 
about the optimum window size in texture calculation. Hsu 
(1978) and Dutra et al. (1984) suggest that small window sizes 
are a better choice than larger windows, due to the contarninat- 
ing effect of edge pixels in classification. Dutra et al. (1984) also 
suggest that smaller window sizes preserve "microtextures." 
Nellis and Briggs (19891, in a study of tallgrass prairie land- 
scape units, suggested that larger window sizes were prefera- 
ble for homogeneous landscapes. Marceau et al. (1990) found 
that maximum classification accuracy was achieved with win- 
dow sizes that were class specific. Relatively large windows (17 
by 17 and 25 by 25) worked well for most cover types. 

Conceptual Framework 

Scenes and Images 
One of the difficulties in discussing texture is that the same 
terms are used in many different ways in the literature, and 
often the underlying cause of texture is not described ade- 
quately. Therefore, in this section, a terminology for describing 
texture, as well as a conceptual framework for investigating its - - 
use, is presented. 

For this paper, we define the image as an abstraction of the 
real world scene and the objects within it. One of the most 
important controls on the relationship between the scene and 
the image is the scale of capture, as defined by the sensor's 
effective resolution (normally approximated by the instanta- 
neous field of view, or IFOV). The scale of capture determines 
whether a scene object is resolved in the image as a discernible 
element. The sensor predetermines the scale of capture, and 
the investigator generally has little or no control over it (Atkin- 
son and Curran, 1997). 

Informational classes, usually determined by the investi- 
gator, exist at one of the various hierarchical scales in an image 
and, thus, there is an a priori optimal scale of capture. For 
example, if Residential is an informational class, the scales of 
capture that resolve both Rooftops and Lawn as spectral classes 
will provide unwanted spectral variability. An optimal scale of 
capture for identification and mapping the boundaries of an 
object, ignoring image collection costs, is one that has an IFOV 
smaller than the informational class, but larger than the size of 
objects at the next finest hierarchical scale (Curran, 1988). 

Strahler et al. (1986) define two resolution models: the H- 
resolution model and the L-resolution model. When the spatial 
arrangement of ground features can be detected directly by the 
sensor as individual elements, the image is said to conform to 

the H-resolution model. When the sensor is unable to distin- 
guish individual elements, because the scale of capture is larger 
than the elements, the image is said to have an L-resolution. The 
H- and L-resolution model is analogous to the Shannon sam- 
pling theorem commonly used in geophysics, in which it is 
shown that the rate at which a continuous function is sampled 
determines the maximum spatial frequency that can be dis- 
cerned (Milman, 1999). While Strahler et al. (1986) state that 
H- and L-resolutions are image properties, real scenes have 
objects that exist at various scales, and therefore, in this paper, 
it is the image elements that are referred to as having H- through 
L-resolution characteristics. It is expected that all images have 
both H- and L-resolution elements. In a single image the H- 
through L-resolution elements may vary in size along a contin- 
uum; however, generally image elements will cluster at specific 
scales. Pioneering work by Marr (1982) suggested that human 
vision is particularly adept at generalizing the overall pattern 
from the multiple scales of information. 

Texture and ClasslRcatlon 
Image textures result from an interface between the scale of cap- 
ture and the scales of image elements and classes. Because 
there is a hierarchy of scales of image elements, a hierarchy of 
texture scales must exist. Investigators are generally interested 
only with those texture scales within the informational class of 
interest. However, the spectral differences between the classes 
create a between-class texture, which is often more distinctive 
than the within-class texture. Although adaptive filters that 
minimize the between-class texture have been proposed, the 
results tend to be somewhat blocky, and therefore not entirely 
satisfactory (Ryherd and Woodcock, 1996). 

In order for image texture measures to be useful for classifi- 
cation, the within-class texture of each class must be relatively 
uniform within each class, and distinct from other classes. This 
requires window sizes that are sufficiently large to encompass 
the variability of the size and spacing of the texture elements. 
However, between-class texture, which tends to be highest on 
the interface of two or more classes, and decays with distance 
away from the interface, will generally degrade the perform- 
ance of the classification. Thus, there is a trade-off between the 
large window sizes that give stable measures of within-class 
texture, and the increasing proportion of between-class texture 
that such large windows incorporate. Figure 1 shows the rela- 
tionship between window size, the percentage of pixels not 
influenced by between-class variance, and the size of the 
region covered by a single class. As window size increases, 
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Figure 1. Proportion of within-class texture pixels to total 
pixels. 
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the proportion of within-class texture pixels to total pixels 
decreases. For small areas, the rate of decline is most rapid. 
With a window size of 5 by 5 pixels, only 36 percent of the tex- 
ture pixels of a 10- by 10-pixel region are interior pixels, unaf- 
fected by between-class variance. Relatively large areas of a 
single class can have large window sizes but still be dominated 
by interior pixels. For example, even with texture calculated 
with a window size of 31 by 31 pixels, a 600- by 600-pixel area 
has 95 percent interior pixels. 

However, not all class boundaries are likely to be associ- 
ated with zones of misclassification caused by between-class 
texture. The edge effect is dependant on the difference between 
the class DN values across the class border. To understand this 
better, consider Figure 2, a cross section of a high-resolution 
image. Water is a relatively dark class with a smooth texture, 
for example. The neighboring commercial class is relatively 
bright, with highly variable pixel values, and a coarse texture. 

Texture values calculated over a small window size remain 
low for the smooth class along the transect length until near the 
edge of the neighboring class (Figure 2). This small window, 
however, produces a very unstable measure of within-class 
variability for the commercial class because the scale is insuffi- 
cient to capture the variation in the classes with coarse texture. 
By contrast, the large window size gives a more uniform texture 
value for the commercial class than do small window sizes. 
This comes at the cost of a broad "edge effect" for the water, 
which would tend to cause those pixels to be misclassified as 
commercial. There is no equivalent edge effect for the commer- 
cial class, because the within-class variability of this class is 
similar to that of the between-class variability of the two 
classes. 

Thus, when texture is used in a standard automated classi- 
fication, the scale of the window size will determine the rela- 
tive location of misclassified pixels. Coarse classes have errors 
distributed throughout the class, but these will be progres- 
sively eliminated with larger window sizes, and little edge 
effect will be noticed. Smooth classes will give high accuracies 
for relatively small window sizes; however, even at the small 
window size there will be an edge effect, and thus errors will 
be most common on the edge of the class. As the window size 
increases, this edge effect will increase commensurately. 
Therefore, the standard, though generally unstated, practice of 
avoiding edges in selecting both training and testing pixels is 

misleading when texture is used in a classification. Edges of 
classes may be poorly defined and confused by mixed pixels; 
however, evaluations of classification using texture will signifi- 
cantly underestimate the errors, particularly for relatively 
smooth classes unless such regions are proportionately repre- 
sented in evaluation data. 

The concepts of between- and within-class textures are 
also useful in defining an objective, context-dependent 
method for defining the subjective terms of smooth and coarse 
textures. A smooth texture has lower within-class variability 
than the associated between-class variability. By contrast, a 
coarse texture has a within-class variability that is similar to or 
greater than the between-class variability. 

Methods 
The preceding discussion has shown that texture in a single 
class may vary between interior and edge pixels, and that the 
severity of the edge effect will also vary depending on the aver- 
age DN values of the neighboring classes. These issues are 
investigated in the remainder of the paper through an empirical 
analysis of scale and texture. Both simulated and real data 
were resampled to give a total of six spatial resolutions. Texture 
was calculated from a variance filter applied to a square mov- 
ing window of ten sizes ranging from 3 by 3 pixels to 21 by 21 
pixels for each image. In this way, the effect of image scale and 
texture scale was evaluated simultaneously. 

Simulated Data 
The simulated data were based on a scene model of two classes 
separated from each other by a background class (Figure 3). 
Each class was initially created as a separate sub-image with 
pixel values drawn from a Gaussian random distribution, with a 
specified mean and standard deviation (Table 1). The sub- 
images were expanded by pixel replication so that the original 
random pixel distribution was expanded to represent scene 
objects of specified sizes. Class A has an average DN value simi- 
lar to that of the background, but is distinguishable from the 
background by a difference in texture. Class B has a texture 
similar to that of the background, but it is distinguishable by a 
difference in average DN value. The original simulated image, 
which was assumed to have a l-meter pixel size, was resampled 
by pixel aggregation (Hay et al., 1997) to create a set of five addi- 
tional images at resolutions of 2, 5,10,20, and 30 meters. A 
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Figure 2. Cross sections through imagery. 
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Figure 3. Simulated data. Class A, on the left, has 5meter 
objects and an average DN value close to that of the back- 
ground. Class B, on the right, has 10-meter objects and a 
much lower average DN value. 

TABLE 1. CHARACTERISTICS OF THE SIMU!ATED DATA SET 

Mean Narrowest 
Size of Objects Pixel Standard Dimension 

Class within Class Value Deviation of Class 
- -- - pp 

Background 1 meter 159 4.7 600 meters 
Class A 5 meter 162 28.3 600 meters 
Class B 10 meter 106 5.3 600 meters 

small random noise element with a mean of 15 and a standard 
deviation of 1 was added to each image after resampling to rep- 
resent dark current noise. Because the object sizes within the 
background and the two classes were 1,5, and 10 meters, 
respectively, resampling produced simulated images with ele- 
ments ranging from H- through L-resolution. Texture analysis 
was performed on each re-sampled image at ten window sizes. 

Class separation was expressed by a general separability 
index, to facilitate the application of the experiments to actual 
image data. The Jefferies-Matusita U-M) Distance is an index 
that takes into account both the measure of distance between 
class means and the differences between the covariance matri- 
ces of the classes (Richards, 1993). J-MDistances range from 0, 
which indicates no separability, to 1.414, which indicates com- 
plete separability. 

The J-M Distance, Jrj, is calculated (Swain and Davis, 1978) 
as the distance between the probability distributions of two 
classes, iand j: i.e., 

where 

and Xi is the covariance matrix of class i ,  pi is the mean vector of 
class i, and lZil is the determinant of the covariance matrix of 
class i. 

Real Data 
To demonstrate the importance of the context-dependence of 
texture with real data, 1-meter Airborne Data Acquisition and 

Registration (ADAR) data of the Morgantown, West Virginia area 
were used in a second series of experiments. The ADAR images 
were captured with four digital cameras (Stow et al., 1996) 
mounted in a fixed wing aircraft. The four cameras were fitted 
with band pass filters to produce blue (0.44 to 0.54 pm), green 
(0.52 to 0.60 pm), red (0.61 to 0.69 pm), and infrared (0.78 to 
1.00 pm) bands, each 1500 by 1000 pixels. After acquisition, 
the individual bands were automatically co-registered to pro- 
duce a single, four-band image (Stow et al., 1996). 

The ADAR data were acquired on four dates in late March 
and early April 1997, prior to forest leaf out. However, lawns 
and pastures were already green by this time. Flight altitude 
was approximately 2,620 meters above mean sea level. This 
altitude resulted in a nominal pixel size of approximately one 
meter and a scene field of view of approximately 1.5 by 1.0 
kilometers. The individual frames were digitally mosaicked to 
create a coverage equivalent to the United States Geologic Sur- 
vey (usGS) 7lI2-minute Morgantown North topographic 
quadrangle. 

Errors in band registration and sensor performance neces- 
sitated the exclusion ofband 1 (blue) from the data used in the 
analysis. This was not expected to have a deleterious effect on 
the analysis, because this band is susceptible to atmospheric 
haze and is often highly correlated to the two other visible 
bands [Stow et al., 1996). 

Band 2 (green) was chosen for the texture calculation 
because of its relatively superior spectral response and contrast 
properties. An added benefit of using the green band is that 
pilot tests showedthat the effect of shadows and changing illu- 
mination between image acquisition was minimal in this band. 
The ADAR data were resampled to five spatial resolutions rang- 
ing from 2 meters to 30 meters. This yielded a total of six images 
at I-, 2-, 5-, lo-, 20-, and 30-meter resolutions. Texture was cal- 
culated for each image at ten window sizes. 

In addition to the calculation of J-M Distances for evaluat- 
ing class separability, various band and texture combinations 
were classified using a maximum-likelihood decision rule, An 
error analysis was performed on each classification to test for 
accuracy against ground reference data. Daining data were 
extracted from the interior of classes and from the pixels adja- 
cent to class boundaries. Ground reference data included field 
checking and a National High Altitude Photography (NHAP) 
program color infrared photograph enlarged to a scale of 
1:14,500. For the accuracy testing, polygons were selected 
from areas that were not used in training the classifier. 

Experimental Results and Discussion 
Simulated Data 

Texture Variability 

Figure 4 displays the change in texture variability, calculated 
over the entire simulated image, as a function of window size 
and spatial resolution. The window size in pixels has been con- 
verted from pixels to meters so that window sizes can be com- 
pared between different image resolutions on the same graph. 
Figure 4 shows that, as images are aggregated to a coarser spa- 
tial resolution, the texture variability decreases for a window of 
a specified size in real world units. Exceptions to this are the 5- 
meter resolution data and the 30-meter resolution data. The 
anomalous pattern for the 5-meter resolution data may result 
from the fact that this window size corresponds with that of 
class elements in the simulated scene model. 

Figure 4 also shows that texture variability tends to 
increase as the window size increases. This relationship occurs 
because with larger windows a greater proportion of the texture 
calculation window includes between-class texture. The 
effects of the between-class texture can be seen in the example 
texture images shown in Figure 5. The edge effect is much 
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Figure 4. Texture variability calculated over the entire simu- 
lated scene. 

(b) 

Figure 5. Sample texture images calculated from 5meter 
data. (a) l5meter texture (3 by 3 window). (b) 105meter 
texture (21 by 21 window). 

has no noticeable edge effect (though there is an edge effect for 
the background class, adjacent to Class A). 

Figure 4 might be interpreted to imply that the smallest 
possible window size is preferable because it produces the 
lowest variability in texture. However, plots of average texture 
variability against window size can be misleading because the 
texture is not uniform across the scene, or even within a single 
class. Therefore, it is important to examine classes individu- 
ally, and to compare texture from interior pixels to that of the 
entire class. 

Figure 6a shows that texture variability for interior and 
edge pixels for Class A tends to be very similar. As mentioned 
above, this is because Class A is on average spectrally similar to 
the background; thus, the between-class variance is similar to 
the within-class variance. The initial high texture variability at 
relatively small window sizes occurs when the class elements 
are in H-resolution and the texture window is similar in size to 
that of the cIass elements. Variability declines rapidly as win- 
dow size increases, leveling off in the 50- to 150-meter range. 
As with Figure 4, the 5-meter resolution data show anoma- 
lously high values of texture variability. 

Class B has larger within-class objects but a smaller spec- 
more obvious for Class B, especially for the larger window size, tral variability compared to Class A. Furthermore, Class B has 
because Class B has a large difference in average DN value com- a mean DN value that contrasts strongly with that of the back- 
pared to the background. Class A, however, is separable from ground. Consequently, the texture variability for the interior of 
the background only by a difference in texture, and therefore Class B is significantly different from the variability for the 

entire class (Figure 6b). The variability of the texture for the 
entire class (including edges) increases as window size 
increases due to the high proportion of pixels dominated by 
between-class texture. At the largest window sizes there is a 
slight decline, because the proportion of within-class texture 
declines to such an extent that the overall variability in texture 
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is reduced. However, when only interior pixels are examined, 
a very different pattern emerges. Without the effect of the high- 
variance between-class texture pixels, the texture variability 
for interior pixels is much lower for all window sizes. The 
curve shows a decline as window size increases beyond the 10- 
meter size of the image elements, and begins to flatten out for 
windows of approximately 50 meters. Variability continues to 
decline slowly but does not reach a constant minimum even at 
the largest scale that was evaluated (350 meters). 

The results presented in Figure 6 are important to investi- 
gators who wish to use texture-derived data in classification 
schemes. First, the effect of window size is more important than 
image resolution in calculating texture, although image resolu- 
tion determines the minimum window size possible (normally 
a 3- by 3-pixel window). Second, while an evaluation of pixels 
in the interior of the class might indicate a useful scale for cal- 
culating texture, the effect of the surrounding classes is large. 
In some cases, such a large portion of the class polygon may be 
affected by between-class variance that the incorporation of 
texture might not produce fmitful results in classification. This 
suggests that evaluations of classifier accuracy should include 
data from class edges; otherwise, an overly optimistic result 
may be obtained. 

Class Separability 

The J-M separability measure, which provides a metric for pre- 
dicting classification accuracy (Richards, 1993), gives a slightly 
more complex view of the value of texture for class A. The J-M 
distances were plotted for texture calculated from the simulated 
10-meter data at ten window sizes (Figure 7). Ten-meter texture 
was chosen because, as is seen in Figures 6a and 6b, this resolu- 
tion provides a good range in spatial properties for these images. 

Figure 7 shows that the addition of 30-meter texture 
improves the separability of Class A from the background, with 
a J-M distance increasing from 0.880 to 1.250. After apeak at a 50- 
meter window size, separability falls steadily as the window size 
increases. However, if only interior pixels are evaluated, Class A 
and the background are completely separable over the scale 
range of 50 to 170 meters. Larger window sizes give slightly 
reduced separability. 

The analysis so far has focused on simulated data with sim- 
ple, known spatial parameters. In the next section, the evalua- 
tions of scale and texture are applied to real data to evaluate how 
well these methods and results can be applied to real data. 

ADAR Data 

Texture Variability for Selected Cover Types 

The Central Business District (~BD) of Morgantown, an example 
of the CommerciallIndustria1 class (Figure 8), has a within-class 
texture similar to the associated between-class texture, and con- 
sequently meets the criterion of a coarse textured class. Texture 
variability is therefore very similar for both the entire class and 
the interior of the class for all window sizes (Figure 9). The 
results match well with the trends found with Class A in the sim- 
ulated data experiment (Figure 6a), except that the CBD has a pro- 
nounced increase in variability of texture with increasing 
window size at scales up to 20 meters. This is due to the texture 
window incorporating the maximum relative diversity from 
objects in the next finer class in the spatial hierarchy, in this case, 
buildings, roads, and other urban structures. This is similar to 
Woodcock and Strahler's (1987) finding that, when pixel size 
reached one-third to three-quarters the size of the scene objects, a 
peak in local variance occurred. 

The relatively low texture variability minimum at the 3- 
meter texture scale occurs because the texture measure window is 
smaller than the elements of the next fmest scale in the hierarchy. 
The elements within the BD are therefore also at H-resolution at 
this scale of capture and texture scale. Although the average tex- 
ture variability is quite low, the texture data gathered at that scale 
might not be useful for classification of elements at the next level 
of the hierarchy. 

The AgriculturalIGrass class (Figure 10) has a lpuch 
smoother texture than does the CBD. The average texture vari- 
ability of the interior pixels is much lower than the texture 
variability of the entire class (Figure l l ) ,  because of the pro- 
nounced edge effect for this class. Thus, the AgriculturalIGrass 
class is similar to Class B of the simulated data (Figures 3,5, and 
6b). The peak at 45 meters for the entire class is probably related 
to the changing properties of interior and edge pixels. 

As with the CBD data, a relatively low level of texture vari- 
ability occurs at the 3- meter texture scale. Texture variability 
increases to a maximum at approximately 15 meters, and then 
falls slowly as the window size increases. It seems that, for the 
AgriculturalIGrass class, large window sizes are needed to cap- 
ture the texture, probably because of variations such as soil and 
topographic situation, as well as the presence of dirt roads 
throughout the area. 

Jefferies-Matuslta Sepambllity 
Clau A vs. Background 
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Figure 7. Jefferies-Matusita separability for Class A versus background. 
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Figure 9. Texture variability for the ceo. 

Class Separability 

J-M separability graphs for the real data differ from those for the 
simulated data in that, with the inclusion of the edge-affected 
pixels, the average separability of the classes was less th- that 
of the spectral data alone. The Forest and Commercial/Indus- 
trial classes are completely separable without the inclusion of 
texture data [Figure 12a) due to their highly different spectral 
characteristic@. The inclusion of texture results in a small deg- 
radation in separability in this instance. 

The Residential and CommerciallIndustrial classes are 
potentially difficult to separate because both include similar 
cover types, including paved areas, buildings, and landscaped 
vegetation. For the interiors of these classes texture improved 

separability but, when the entire classes including the edges 
were used to evaluate separability, it was found that texture did 
not improve potential classification (Figure 12b). Increasing 
the size of the window produced a near linear increase in sepa- 
rability over the 30-meter to 210-meter range studied, and thus 
once again larger window sizes were found to be preferable. 

An even stronger example of the potentially deleterious 
effects of texture is illustrated by the Residential and 
AgriculturalIGrass separability graph (Figure 12c). Without 
textural data, a J-M distance of 1.288 is obtained. When texture 
is included, separability for the class interiors increases imme- 
diately to 1.360 and continues to improve to complete separa- 
bility at the 110-meter texture scale. However, if the between- 
class texture pixels on the class edges are included, a much 
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Figure 10. Subimages of the Agricultural/Grass class. 

lower separability is observed. Even at the greatest texture 
scales, the J-M distances did not exceed 1.114. 
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Classification was performed to provide a more comprehensive 
evaluation of the effect of scale on texture for these data. Six 
combinations of spectral and textural data were used, with pix- 
els assigned to one of six cover classes using a maximum-likeli- 
hood classifier (Table 2). The classification was performed on 

-- 
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10-meter spectral data, because it falls within the range of reso- 
lutions used by current remote sensing platforms, and a range 
of texture scales from 10 meters through 220 meters. This was 
also the scale used in the spectral separability evaluations. 

The average classification accuracy was evaluated using 
error matrices and the Kappa statistic (Figure 13). Kappa is a 
measure of the difference between the observed accuracy and 
the random possibility of chance agreement between the refer- 
ence data and the classification (Jensen, 1996). The class interi- 
ors, consisting of pixels unaffected by between-class variance, 
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Figure 11. Texture variability for Agricultural/Grass class, Morgantown, 
West Virginia. 
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Figure 12. Jefferies-Matusita separability. (a) Forest versus Commercial/lndustria1. (b) Residen- 
tial versus Commercial/lndustria1. (c) Residential versus Agriculture/Grass. 

shrink as the window size increases. The rate at which this Band combinations that included texture resulted in 
occurs is a function of the dimensions of the class polygon (Fig- slightly higher classification accuracies than did those that did 
ure 1). For the Morgantown ADAR data at window sizes greater not, with the exception of the combination using 110-meter tex- 
than 110 meters, there was an insufficient number of interior ture. The greatest level of accuracy including pixels near the 
pixels to evaluate classification accuracy for pixels unaffected edges of classes was found with bands 4,3, and 2 with 210- 
by between-class variance, because the texture calculation meter texture data. However, an increase in just ten meters in 
window approached the size of the class polygons. window size resulted in a decrease in Kappa to 0.789 for class 
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TABLE 2. MORGANTOWN LANDCOVER TYPES CLASSIFIED FROM THE ADAR DATA 

Class Range of cover types 

Water Rivers, ponds 
Forest Deciduous forest, evergreen forest 
Agricultural/Grass Crops, pasture, fields 
Residential Homes, lawns, trees, roads, trailer parks 
Commercial/Industrial Businesses, factories, roads, parking lots 
Surface Mining Related Strip mines, coal pileslstorage 

interiors and 0.715 for interior and edge pixels. This decrease 
in accuracy at 220 meters suggests that the scale at which tex- 
ture is calculated should be chosen very carefully, because 
even with large windows a small change in window size can 
result in large differences in classification accuracy. 

Though useful for understanding how texture scale relates 
to the error assessment of an entire image, a comparison of 
selected classes at various texture scales provides added 
insight when determining optimal texture scales for image 
classification. In addtion, producer's accuracy and user's accu- 
racy (Story and Congalton, 1986) were also calculated for the 
individual classes. Producer's accuracy measures the likeli- 
hood an area of known cover type will be assigned to the cor- 
rect class in the classification. User's accuracy is the likelihood 
a classified pixel represents the correct class. 

User's Accuracy 

As suggested by the texture variability plots, classes that have 
a low within-class texture compared to the associated 
between-class texture, and thus a relatively smooth texture, 
should show degradation in classification accuracy when the 
test pixels include areas near the edges of the class. This is con- 
firmed in Figure 14, where interior pixels generally have 
higher Kappa statistics than do the values calculated from 
entire class polygons. In Figure 14a, the user's accuracy for the 

Agricultural/Grass class increases from the 10-meter to the 50- 
meter texture scales and then decreases at 110 meters. For the 
interior of the class, this is somewhat unexpected, given the 
texture variability minimum at 90 meters in Figure 11. At 
window sizes greater than 110 meters, there is an insufficient 
number of pixels that are unaffected by between-class vari- 
ance to evaluate the class interiors. The accuracy for the entire 
polygon increases at the 210-meter scale, before declining 
again at 220 meters. The 210-meter texture scale of maximum 
classification accuracy for the entire polygon is large, consider- 
ing the relative smoothness of this land-cover type and the rel- 
atively small size of the class dimensions. At these large 
scales, most of the measured texture arises from the between- 
class variance. The pattern of peaks and troughs in this graph 
suggests the complexity of multiple scales in real land-cover 
classes. 

The Commercial/Industrial class, an example of a rela- 
tively coarse-textured class, shows little change in Kappa 
with the inclusion of pixels near the edges of the test polygon 
[Figure 14b). Classification accuracy generally increases as 
window size increases across the entire graph, though the 
increased accuracy from the inclusion of texture is small for 
texture scales up to 110 meters. The 220-meter texture scale is 
the maximum scale used for evaluating classification accu- 
racy; thus, it is unknown if accuracy would improve further 
with the addition of texture at larger scales. All band combi- 
nations that include texture resulted in higher Kappa statistics 
than did those with spectral data alone. The between-class 
texture seems to be more valuable than within-class texture for 
very large window sizes (210- and 220-meter scales). 

Producer's Accuracy 

The producer's accuracy graphs for the Agricultural/Grass class 
(Figure 15a) more clearly illustrate the effect of edge pixels on 
the Kappa statistic. As with the graphs of user's accuracy, there 
were insufficient pixels unaffected by between-class variance 

@*+ .* \,J+ -& 
.? ,?+ ,%! \N* 3' ,?? 9 h?? 

Band Comblnatlons 

Figure 13. Comparison of overall Kappa statistics for the ADAR data alone, 
and ADAR data and five different texture scales. (For texture scales greater 
than 110 meters, Kappa statistics are only reported for entire polygons 
because at such scales too few interior pixels remain.) 
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Figure 14. User's accuracy for selected classes. (a) Agriculture/Grass. (b) 
Commercial/lndustria1. 

to evaluate class interiors at window sizes greater than 110 
meters. The inclusion of texture data improved classification 
results at the TO-, 50-, and 110-meter scales for the interior of 
Agricultural/Grass classes (Figure 15a). For the entire polygon, 
however, the value of texture was marginal for small to medium 
size windows, and decreased sharply for windows greater than 
110 meters. This provides strong evidence for the edge effect, 
and supports the notion that this phenomenon is expected to 
be most clear in smooth classes adjacent to more coarse tex- 
tured classes. 

The graph for the Commercial/Industrial class producer's 
accuracy (Figure 15b) shows little differentiation between 
interior and entire class accuracies. This supports the earlier 
discussion in which it was argued that larger relatively coarse 
classes do not develop noticeable edge effects within the 

classes. The value of texture for the commercial/Industria1 
class for the producer's accuracy (Figure 15b) is highly scale 
dependant. Kappa increases with the addition of texture at the 
10-meter scale then drops for the 50- and 110-meter scales, 
increases at 210 meters, before finally dropping slightly at the 
220-meter scale. It is unexpected that the interior pixels show a 
decline in accuracy with larger scales of texture, because Fig- 
ure 9 suggests that texture variability for the CBD is at its greatest 
at the 10-meter scale. The multiple-scale objects found in the 
Commercial/Industrial class might explain the apparent trough 
in Kappa at the 110-meter textural scale. 

Conclusions 
The theoretical framework presented here provides a basis for 
discussion and explanation of the concepts and relationships 
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Figure 15. Producer's accuracy for selected classes. (a) Agricultural/ 
Grass. (b) Commercial/lndustria1. 

involved in image texture. Through these concepts, it is possi- 
ble to clarify the role of scale in digital image classification and 
to evaluate the usefulness of texture. In conceptualizing scene 
objects as H- and L-resolution elements representing those 
objects, the multi-scale aspects of images can more adequately 
be investigated and analyzed. Because the use of image texture 
for classification depends on the informational classes chosen 
by the investigator, special emphasis must be given to hierar- 
chies of scales and how the image elements relate to the classes. 
A relatively small texture window would be inappropriate for 
texture feature extraction in commercial land-use classes. The 
texture such a window would capture would not relate to the 
size of the class elements (large buildings and parking lots) and 
would not aid in class separability. Small texture windows 
would aid in separating members of the next finer classes in the 

hierarchy, the buildings and parking lots themselves. Con- 
versely, a relatively large texture window would be inappropri- 
ate for texture feature extraction in a suburban area if houses 
were the land-class type. Such a window would capture the 
texture of the residential land-use class and would not assist in 
the separation of houses, lawns, and driveways. The concepts 
in this framework were used in developing the simulated and 
real image data experiments. 

The results of the simulated data experiment show that 
per-class data are more useful for texture evaluation than are 
averages for an entire scene. A clear relationship was seen 
between window size for texture calculation and class separa- 
bility. Class A had a coarse texture with a high within-class vari- 
ance compared to the background; thus, the variability of 
texture dropped to a minimum value for both interior pixels 
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and the entire class polygon. This is contrasted by Class B, 
which had a smooth texture with a high between-class vari- 
ance. When pixels near the edges were included in the analy- 
sis, the texture variability remained high and only dropped 
once the number of edge-affected pixels dominated the class 
statistic. 

While plots of texture variability and tests on simulated 
data show the promise of finding the appropriate window size 
for texture feature extraction, the results of the real data experi- 
ment reveal the inherent complexities involved in interpreting 
and analyzing actual image data. Multiple peaks in classifica- 
tion accuracy help to illustrate this complexity. Although 
objects within classes exist at multiple scales, shapes, and ori- 
entations, it is possible to make some general statements about 
the role scale plays in image texture. 

The window sizes necessary to achieve a stable, relatively 
homogeneous measure of texture are often quite large even for 
relatively smooth informational classes such as Agricultural1 
Grass. For relatively coarse classes, such as Commercial1 
Industrial, the window size required might well be larger than 
the dimensions of the class polygon. While classification often 
results in a large increase in accuracy for pixels far from class 
edges, the accuracy tends to fall for pixels near the edges of 
classes due to between-class variance. Because a useful appli- 
cation of textural information requires the inclusion of these 
edge pixels, the large window sizes necessary for achieving the 
stable texture measures result in a large number of pixel values 
being influenced by between-class variance. The investigator 
must weigh the potential usefulness of texture against the 
added confusion of the between-class variance pixels. The size 
of the image elements, the class polygon dimensions (Figure 
4), and the spectral properties of the classes and elements adja- 
cent to the class of interest must be considered. 

Measures of producer's accuracy and user's accuracy 
showed the effect of high between-class variability in image 
classification. Large window sizes for some classes resulted in 
improved producer's accuracy for the same class, because no 
pixels were omitted from the class. The same windows resulted 
in lower user's accuracy for the same classes because the effect 
of between-class variance on the edge pixels caused many of 
these pixels to be placed in an incorrect category due to their 
high calculated texture values. 
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