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Abstract

Aggregation may be used as a means of enhancing remotely-sensed data
accuracy, but there is a tradeoff between loss of information and gain in accuracy.
Thus, the choice of the proper cell size for aggregation is important. This study
explores the change in data accuracy that accompanies aggregation, and finds an
increase in image thematic accuracy with increasing cell size, resulting from (a)
reduction in the impact of misregistration on thematic error and (b) mutual
cancellation of inverse classification errors occurring within the same cell. A
model is developed to quantify these phenomena. The model is exemplified using
a vegetation map derived from an aerial photo. The model revealed a maor
reduction in effective location error for cell sizes in the range of 3-10 times the
size of mean location error; reduction in effective classification error was minor.

1. Introduction

In raster data, aggregation (sometimes referred to as image degradation) is a process of laying
a grid of cells on the image (cell size > pixel size), and defining the larger cells as the basic
units of the new image. When pixels are aggregated into larger grid cells, the information on
pixel-specific location is lost. However, the attribute information is retained, and can be used
to estimate cell composition, e.g. cell specific percentage cover for each class (Carmel and
Kadmon, 1999).

Severa studies have suggested that reduction of spatial resolution enhances data accuracy
significantly (Dai and Khorram, 1998; Townshend et al., 1992). On the other hand, the
decrease in spatial resolution involves a loss of information that may be vauable for
particular applications (Carmel et al., 2001). Thus, users could benefit from viewing the
actual plot of data accuracy as afunction of spatial resolution, and choose the specific spatial
resolution and its associated uncertainty level that best suite a specific application. The goal
of this study is to explore the relationship between spatial resolution and data accuracy, and
to develop amodel that quantifies this relationship for thematic (‘classified’) images.

Image thematic error consists of two components, classification error and location error. The
latter component refers to the impact of misregistration on thematic error; it becomes relevant
in change detection analyses and in any multilayer GIS analysis. Thus, two types of gain in
accuracy are expected when spatial resolution is degraded and cells are aggregated: a gain
from reducing the impact of location accuracy on overall thematic accuracy and a gain from
canceling out some inverse misclassifications within each cell.



2. The M odd

2.1 Location Accuracy

For a single pixel, misregistration is translated into thematic error if its ‘true’ location is
occupied by a pixel belonging to a different class. Let us define p(loc), the probability that a
pixel isassigned an incorrect class due to misregistration:

p(loc)rc = p(irc ' ir+e(x),c+e(y)) (1)

wherer and c are pixel coordinates, i, is the class assigned to the pixel, &(x) and e(y) are the x
and y components of cell-specific location error, respectively. Thus, p(loc),. depends on the
magnitude of location error, and on image fragmentation. p(loc) can be estimated empirically
for agiven image, based on image pattern and the magnitude of location error.

Considering a larger cell size A, let us define a similar probability, p*(loc), which is the
probability that a pixel within the framework of a larger cell was misclassified due to
misregistration. For cell sizes larger than location error, this probability would be lower than
the origina probability p(loc), since misregistration would shift a certain proportion of the
pixels only within the grid cell, and for those pixels, thematic error is cancelled at the grid
cell level (Figure 1). This probability is denoted by:

p”(loc) =a xp(loc) 2
where a is the proportion of a cell of size A in which location error actually transgresses into
neighboring cells, and may thus result in attribute error (Figure 1).
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Figure 1. Location error effect on attribute accuracy. In this example, all pixels within agrid
cell are shifted identically, where e, and ey denote the x and y components of location error,
respectively. Pixelsin region 1 would remain within the cell and attribute accuracy at the cell
level would not be affected. Pixelsin region 2 would be shifted into neighbouring cells, and
may result in attribute error. The effective location error a isthe proportional area of region
2 inthe cell (Equation 3).

This proportion, a, is termed here the effective location error. It is a function of cell size A
and of location error magnitude. The effective location error a is the proportional area of
region 2 in the cell (Figure 1) and is denoted by:

a = (Axe(X) + Ae(y) - e(x)xe(y))/ A* ©)

where location error components e(x) and e&(y) are assumed constant for al pixels within a



single cell. Using equation 3, the reduction in effective location error when cell size increases
may be illustrated easily for the special case where e(x)=¢e(y) (Figure 2). Effective location
error a declines rapidly from 1 for cell sizes = the magnitude of location error, to 0.36 for cell
sizes five times the magnitude of location error (Figure 2).
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Figure 2. Effective location error a as afunction of cell size. Average location error isset to 1
unit in both x and y directions. Cell size varies between 1 and 25 times the magnitude of
location error.

Location error may vary largely across an image. Thus, a, p(loc), and p*(loc), should ideally
be estimated for each grid cell in the image. This requires that location-error components &(x)
and e(y) are available at the grid-cell level. Typicaly, location error information is available
for severa control points only. Interpolation methods such as kriging may be used to
construct location error surfaces for both e(x) and e(y) (Fisher, 1998). The practice of shifting
the image againgt itself (Da and Khorram, 1998; Townshend et al., 1992) may be used in
order to derive cell-specific p(loc). Following equation 1, a specific cell i, is shifted by e(X),¢
and g(y)rc on the x and y axes, respectively. p(loc) is estimated as the proportion of pixels that
are ‘misclassified’ due to the shift. Equations 2 and 3 may then be used to derive cell-specific
a and p*(loc). This process is repeated for each cell in the image, and the global mean of
these parameters can then be cal culated.

An dternative to this process, that may be less accurate but much simpler to apply, is to
assume a constant error across the image. The average location error is typically defined as
RMSE, Root Mean Square Error, decomposed here into its x and y components:

a e,

RMSE(x) = || &——
n (4)

where e(X)4 is the x component of the deviation between the true location of a ground-control
point g and its location on the image, and n is the number of control points. In order to
determine p(loc), the whole image is shifted by RMSE(x) and RMSE(y) on the x and y axes,
respectively. p(loc) is estimated for the entire image as the proportion of pixels that are
‘misclassified” due to the shift. a and p*(loc) can then be calculated for the entire image,
using equations 2 and 3. Simulations conducted in our lab (unpublished results) reveal that



differences in a derived from constant error (RMSE) and from normal error distributions
were insignificant. In the more likely case of right-skewed error distribution, a derived from
constant error was more conservative (consistently larger) than a derived from a variable
error.

2.2 Classification Accuracy

The probability that a pixel is misclassified, p(cls), may be estimated as the proportion of
misclassified pixelsin the image. The probability that classi pixel isassigned to classj due to
misclassification, p(cls);, can be estimated from the error matrix as:

p(cls); =ny /n, (5)
where n; is the number of class i pixels in a cell and n;; is the number of class i pixels
misclassified as j in that cell. This ssmple method to calculate p(cls)j follows the common
practice in classification accuracy assessments, and ignores the heterogeneous nature of
classification error (for example, error is more likely to occur near edges between classes).
An dternative to this method was recently suggested (Kyriakidis and Dungan, 2001), where
kriging is used to construct classification error surface. The same method may be used here to
estimate cell-specific p(cls);.
Considered within the framework of grid cells, classification error may be reduced when cell
size increases. Consider the case of two pixels within the same grid cell, class i pixel
misclassified as | and class | pixel misclassified as i. At the cell level, where pixel
information is reduced to proportion cover of each class in the cell, both errors cancel each
other. The probability for a pixel to be misclassified within the frame of a larger cell A,
p’(cls), can be calculated as:

p”(cls) = b xp(cls) (6)

where b, the effective classification error within the grid cell framework, is the proportion of
misclassified pixels in the cell that were not cancelled out at the grid-cell level. b is
dependent on cell size and on the spatial pattern of the image (since it is a function of the
number of pixels of each class in each grid cell). Thus, b should be estimated for each
classification error pair ij separately. (% is dependent on the number of both ij and ji
misclassification types. The abundance of these misclassifications is denoted by nj; and ny;,
respectively. Consider a cell that contains many class i pixels and many class | pixels. It is
expected that some misclassified ij pixels (i), as well as severa i misclassified pixels (n;i)
will be present in that cell. n; is calculated locally as the product of the number of class i
pixelsin the cell n; and p(cls)ij:

n, =n Xp(CIS)ij 7
In order to calculate (3 we need to know the spatial relationship between ij and ji
misclassified pixels in each grid cell. If n; < n; then all ij misclassifications are cancelled,
and an equal quantity of ji misclassified pixelsis cancelled as well. In that case, the effective
ij misclassification rate, (3;, is O, and the effective ji misclassification rate, 3; is (n;—;)/ n;.
Thus, [3; is denoted by a conditioned term as follows:



b. = if n;£n,

b, =——2 if n,>n,
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Using equations 4, 6, and 7, [3; can be calculated for each aggregated cell in the image. Next,
3 can be determined as the weighted average of all (3;:
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Average 3 can be calculated for the whole image, for a range of or cell sizes, and the
reduction in effective classification error that accompanies the aggregation process can be
illustrated.

2.3 Model Application

The process is exemplified using a vegetation map derived from a 1995 aerial photo of
Carmel Valley, California, for which extensive information on both types of error is available
(Carmel et a., 2001). In the origina image, pixel size is 0.6 meter. Location error
components RMSE(x) and RMSE(y) are 1.86 and 1.68 meters, respectively, and the
proportion classified correctly PCC is 0.91. Here, model parameters were estimated assuming
error homogeneity for both error types. An on-going research studies the spatially-explicit
modifications for estimating model parameters, and their impact on the accuracy of these
estimates.

The probabilities of error at the pixel level, derived from the error matrices constructed for
both location error and classification error (data from Carmel et al 2001 table 4), were p(loc)
= 0.23 and p(cls) = 0.09. When estimated for a range of cell sizes, a decreased notably from
0.83 to 0.07, when cell size changed from 3 to 60 meters. For the same range, I3 decreased
moderately from 0.95 to 0.8. Accordingly, p*(loc) diminished from 0.19 to ~0.01 in the same
range, while the decrease in p*(cls) was negligible (Figure 3).
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Figure 3. Cell-level error probabilities, pA(loc) for location error and pA(cls) for
classification error, as afunction of cell size. Cell sizeisin meters.

3. Discussion
Severa studies have noted the large impact of misregistration on data accuracy (Dai and



Khorram, 1998; Stow, 1999; Townshend et al., 1992). Moreover, its contribution to overall
thematic error may be larger than that of classification error (Carmel et a., 2001). Thus,
estimating the effective location error a would yield a crude approximation of the impact of
aggregation on thematic accuracy. This procedure is simple (especially if RMSE is taken to
represent €): solve equation 3 for a range of relevant cell values, and portray a as a function
of cell size (Figure 2).

Next, the impact of aggregation on classification accuracy can be viewed by drawing b, the
effective classification error, as a function of cell size. However, estimating b is more
complex, while this study finds that the impact of aggregation on classification error is much
smaller than that of location error. In highly fragmented images, b may be more prominent.
Further information can be gained by estimating the actual probabilities of error, p*(loc) and
p’(cls), for various aggregation levels. This stage requires spatially-explicit simulations that
manipul ate the actual image.

In conclusion, this methodology provides a tool for assessing the impact of aggregation on
data accuracy, and evaluating it against information loss, in order to decide on an optimal
level of image aggregation. Current results show that the most effective reduction in error is
achieved when cell-sizeisin the range of 3-10 times the size of average location error.
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