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ABSTRACT: A thresholding technique is applied to identify the change and no-change categories from six transformed
images produced by image differencing, image ratioing, and principal components analysis. The problems in using
different accuracy indices, including overall accuracy, average and combined accuracy (based on both the user's and
producer's accuracy approaches), and the Kappa coefficient of agreement in determining an optimal threshold level,
are examined. Most indices are biased and affected by the ratio between the number of either the reference or classified
samples of the change and the no-change categories. The Kappa coefficient is recommended because it takes into
account all cells of the error matrices.

INTRODUCTION

A PRIME PREREQUISITE for proper planning and management
of land resources is timely acquisition of land-use and land

cover information. Remote sensing provides a viable source of
data from which updated land-cover information can be ex
tracted efficiently and cheaply. Thus, change detection has be
come a major application of remote sensing data. Visual
comparison of air photos as a traditional change detection tool
has been characterized as slow, tiring, and subject to the errors
of omission (Shepard, 1964). With the availability of remote
sensing imagery recorded in digital format, there have been
substantial developments in digital change detection tech
niques. These techniques include image differencing, image ra
tioing, principal components analysis, post-classification
comparison, and spectraVtemporal classification (Jensen, 1986).

With the exception of the classification methods, such as post
classification comparisons which identify changes by comparing
two or more classification maps, the change detection algo
rithms involve a transformation of the original spectral bands
so as to enhance the land-cover changes. In image differencing,
the same spectral bands (or other transformed data, such as
vegetation indices (Nelson, 1983) or principal components (Lod
wick, 1979)) of different dates are subtracted from each other
pixel by pixel. Assuming that the land-cover changes are rep
resented by a significant change in radiance, pixels with a value
close to 0.0 in the differenced data are noted as no-change while
those greater or less than 0.0 represent change. Image ratioing
uses division rather than subtraction to generate new images,
in which ratioed values deviated from 1.0 are noted as change
(Todd, 1977; Howarth and Boasson, 1983). Principal compo
nents analysis has also been applied to merged eight-band
Landsat Multispectral Scanner (MSS) data from which the trans
formed minor components are able to account for land-cover
changes (Byrne et aI., 1980; Fung and LeDrew, 1987).

In these transformed images, pixels of change are usually
represented by either a light or dark tone, as distinguished from
the grayish background of the no-change pixels. They are lo
cated at both tails of the histograms of these transformed data
with pixels of no-change, Le., with minor radiance changes
distributed around the mean (Jensen and Toll, 1982). To acquire
quantitative information about the areas of land-cover changes,
thresholding (or density slicing) is applied to the transformed
data to separate the pixels of change from those of no-change.
The threshold levels can be determined as a standard deviation
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from the mean or chosen interactively with various thresholds
until optimum ones are identified (Jensen, 1986)

It is obvious that the selection of an optimal threshold should
be based on the accuracy of classifying the pixels as change or
no-change. Various accuracy indices such as overall accuracy,
average accuracy, or combined accuracy have been discussed
in determining the threshold levels for change detection (Nel
son, 1983; Singh, 1986). Recently, Rosenfield and Fitzpatrick
Lins (1986) recommended the use of the Kappa coefficient of
agreement (Cohen, 1960; Bishop et aI., 1975) as the standard
measure for accuracy.

The purpose of this paper is to examine the effect of using
different accuracy indices in determining the optimal threshold
levels for digital land-cover change detection. The techniques
of image differencing, image ratioing, and principal compo
nents analysis are used. Error matrices generated based on
thresholding the transformed data with different threshold val
ues are used to evaluate these indices. From these, a suitable
accuracy index and optimal threshold levels may be selected.
Differences among the transformed data sets are then investi
gated in terms of their accuracy, as well as their information
content.

THE STUDY AREA AND DATA DESCRIPTION

The study area consists of the cities of Kitchener, Waterloo,
Cambridge, and Guelph in southern Ontario, Canada (approx
imately 80° 10'W to 80° 40'W longitude and 43° 20'N to 43° 40'N
latitude). The total area is about 790 sq km. Major land-cover
changes are mainly related to the rapid urban development of
the cities. Secondary changes are associated with agricultural
crop rotation.

Two Landsat MSS images dated 19 August 1981 and 24 August
1984 of Path 19, Row 30 were used for the analysis. A subarea
of 388 by 600 pixels covering the study area was extracted. To
compensate for the differences in calibration of the sensors of
different satellites as well as the differences in solar elevation,
all of the data were radiometrically calibrated and converted to
reflectance values (Markham and Barker, 1987).

The 1984 image was used as the master reference image for
geometric registration. Twenty-three ground control points were
used to generate polynomials and register the 1981 image with
a nearest neighbor resampling routine. The standard errors were
0.25 pixel (X-direction) and 0.26 pixel (Y-direction) which were
considered acceptable.
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TABLE 1. ERROR MATRIX OF THRESHOLDED DIFFERENCED MSS4

(DIFF4) AT 1.0 STANDARD DEVIATION FROM MEAN THRESHOLD LEVEL

Reference Data

Producer's accuracy
User's accuracy
Conditional Kappa (X 100)
Average accuracy (user's)
Average accuracy (producer's)
Combined accuracy (user's)
Combined accuracy (producer's)
Overall accuracy
Kappa (X 100)

Aerial photographs taken in 1980 and 1985 were available for
reference. Additionally, extensive field work was carried out in
August, 1986 to check actual land-cover changes. The field data
collected were cross examined with the aerial photographs and
Landsat MSS images. Nine types of land-cover changes were
identified:

• from construction sites to residential land,
• from cropland to construction sites,
• from cropland to residential land,
• from bare soil (harvested grain field) to corn,
• from bare soil to pasture,
• from corn to bare soil,
• from corn to pasture,
• from pasture to bare soil, and
• from pasture to corn.

A stratified systematic unaligned sample was used to select
sample sites for accuracy verification purposes. A total of 687
points was selected, with 395 being sites of no-change and 292
being sites of change.

Image
Data

No-change
Change

Total

No-chan e

352
43

395

89.11
79.82
52.52

Total

441
246

687

81.17
79.32
80.98
80.05
80.79
59.86

The test statistic for a Significant difference between two indepen-

where r is the number of rows in the error matrix, Xii is the number
of observations in row i and column i (i.e., the diagonal elements),
+ represents summation over the index, X i + and X+ i are thus the
marginal totals of row i and column i, respectively, and M is the
total number of observations. The Kappa value is 0.5986 for DIFF4
(Table 1).

The conditional Kappa coefficient for category i is computed as

samples (diagonal cells of the matrix) divided by the total number
of samples. It is 555/687 or 80.79 percent (Table 1). It measures the
accuracy of the entire image without any indication of the accuracy
of individual categories. Both Nelson (1983) and Singh (1986) noted
that it weights each category according to the number of samples in
that category. It has a tendency to be biased toward the category
with a larger number of samples.

• The average accuracy is an average of the accuracy of individual
categories. Because the individual categories can be the user's or the
producer's accuracy, it can be computed in both ways accordingly.
The user's and producer's average accuracy are 81.17 percent and
79.32 percent, respectively. In contrast to the overall accuracy, it is
biased towards the category with a small number of samples.

• The combined accuracy is the average of the overall accuracy
and average accuracy. It can also be computed as either the user's
accuracy (80.98 percent) or the producer's accuracy (80.05 percent).
It has been used to dampen the inherent biases of the overall and
average accuracy (Nelson, 1983).

• The Kappa coefficient of agreement (K) was developed by Cohen
(1960). It is a measure of the actual agreement (indicated by the
diagonal elements of the matrix) minus chance agreement (indicated
by the product of row and column marginals). It uses all cells in the
matrix and takes into account both the commission and omission
errors (Rosenfield and Fitzpatrick-Lins, 1986). A Kappa value is com
puted for each error matrix. It measures how the classification per
forms as compared to the reference data. Congalton and Mead (1983)
used the Kappa coefficient to compare the results of several pho
tointerpreter classifications. Rosenfield and Fitzpatrick-Lins (1986)
also discussed the use of both the Kappa coefficient and conditional
Kappa as the accuracy measure for the thematic classification as a
whole and for individual categories respectively.

The Kappa coefficient of agreement is computed as

(1)

(2)K. = Mxi; - X i + X+ i

I Mxi + - X i + X+i

, ,
M LXi; - 2: X i + X+ iK = ;-1 r ;-1

M2 - 2: X i + X+ i
;:1

METHODOLOGY

MSS2 (0.6 to 0.7 IJ-m) and MSS4 (0.8 to 1.1 IJ-m) bands were
used for image differencing and image ratioing. MSS2 had been
found to be a suitable spectral band for detecting rural to urban
land conversion (Howarth and Boasson, 1983). MSS4 was also
used because crop types differed in their near-infrared reflec
tances in the study area. It might thus be used to detect crop
type changes. The differenced images (DIFF2 and DIFF4) were
produced by subtracting the 1981 images from the 1984 ones.
A constant value of 128.0 was added to the differenced data for
data storage and display purposes. The ratioed images (RATI02
and RATI04) were produced by dividing the 1984 images by the
1981 ones. The resultant images were normalized to fit an 8-bit
format Oensen, 1981). Standardized principal components were
generated by using the eigenvectors from the correlation matrix
of the eight-band data set (Fung and LeDrew, 1987). The third
principal component (SPC3) is a change in the greenness mea
sure while the fourth component (SPC4) is a change in the bright
ness vector.

The histograms of these six change data sets were examined
and the mean and standard deviation values for each date set
were calculated. Threshold values of ± N standard deviations
from the mean were iteratively selected to separate the change
from no-change pixels. The N value was chosen as 0.1 in the
first iteration. In the subsequent iterations, it was increased
with an increment of 0.1 at each stage until an N value of 2.0
was reached. The thresholded images are binary images in which
values of 0.0 and 1.0 represent no-change and change, respec
tively.

The thresholded images produced at each iteration were ver
ified with the reference sample data. Error matrices were pro
duced and analyzed. Table 1 illustrates a typical error matrix
generated from thresholding the DIFF4 (differenced image of
MSS4) at an N value of 1.0. From the error matrix, the following
accuracy indices were generated:

• The producer's accuracy is the number of correctly classified
samples of a particular category divided by the total number of ref
erence samples for that category. It is a measure of the error of
omission (Story and Congalton, 1986). The producer's accuracy for
the change category is thus 203/292 or 69.52 percent (Table 1).

• The user's accuracy is an alternative measure for individual
category accuracy. It is the number of correctly classified samples of
a particular category divided by the total number of samples being
classified as that category. It measures the error of commission. The
user's accuracy for the change category is 203/246 or 82.52 percent
(Table 1), which is much higher that its producer's accuracy.

• The overall accuracy is the total number of correctly classified
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(3)

dent Kappas for different accuracy assessment (e.g., comparing the
results of different techniques) is

Z = K, - K2

[V(K,) + V(K2)]1I2

where V(K;) is the approximate large sample variance of K and Z is
the standard normal deviate (Cohen, 1960).

These accuracy indices are computed at each iteration. Table
2 presents the changing pattern of these indices as the threshold
level changes at every 0.2 increment in thresholding the DIFF4
image. This is also presented graphically in Figure 1. In Table
3 the most pertinent results of the other five images are sum
marized.

RESULTS AND DISCUSSIONS

ACCURACY OF INDIVIDUAL CATEGORIES

The DIFF4 image is again used as an example for the discus
sion (Table 2). As the N value increases (i.e., the threshold
values are selected further away from the mean), the user's
accuracy of the no-change category decreases. In other words,
the error of commission increases. In contrast, the producer's
accuracy increases as the error of omission approaches zero
when nearly the entire histogram is classified as no-change.
Owning to the fact that the thresholded data form a binary
image, a reversed pattern is found for the change category. The
user's accuracy increases while the producer's accuracy de
creases as the N value increases.

This inverse relationship between the user's accuracy and the
producer's accuracy of individual categories indicates the im
portance of considering both accuracy indices (Story and Con
galton, 1986). For instance, at an N value of 1.8, the user's
accuracy for the change category is 99.20 percent but the pro
ducer's accuracy is only 42.47 percent. Much of the change cat
egory has in fact been omitted.

A similar inverse relationship also exists between the same
accuracy indices of the two categories. While the producer's
accuracy is over 90 percent for the change category, the same
index for the no-change category is less than 30 percent, if a
small N value of less than 0.3 is selected. These two inverse
relationships should be borne in mind when the accuracy in
dices of the entire images are discussed.

For both categories, the conditional Kappas have a changing
pattern similar to that of the user's accuracy (Table 2). This is

found to be associated with the first term Mx;+ in the denomi
nator when computing the conditional Kappas (see Equation
2). The values of X; I refer to the marginal totals of row i, Le.,
the number of classified samples which are also the bases for
computing the user's accuracy. Because the conditional agree
ment between two observers has been developed "for only those
items which an observer placed into the ith specific category"
(Light, 1971, p.367), the observer may refer to either one of the
two observers (or classified images). In this situation, Mx;> may
thus be substituted by Mx+; where X I i refers to the number of
reference samples. The changing pattern of the conditional
Kappas computed in this way becomes similar to the producer'S
accuracy. Additionally, with a 2 by 2 error matrix, the condi
tional Kappa value of the no-change category computed based
on x >; is exactly the conditional Kappa value of the change
category computed based on X;+. This result indicates that the
conditional Kappa coefficient is similar to either the user's or
producer's accuracy dependent upon which marginal totals (row
i or column i) are used.

ACCURACY OF THE ENTIRE IMAGE

The six accuracy indices, namely overall accuracy, average
accuracy (both user's and producer's), combined accuracy (both
user's and producer's), and Kappa exhibit a common property.
As the N value increases, all of the accuracy indices also increase
towards a maximum at a certain threshold, after which they
then decrease. An important thing to reconcile is certainly the
different threshold levels at which they reach the highest
accuracy.

The most distinctive results are those of the average user's
accuracy and the combined user's accuracy. While they attain
the highest accuracy at similar thresholds (less than 0.2 N
difference) as the other indices for the SPC3, DIFF2, and RATI04
images, their results are different for the DIFF4, SPC4, and RATI02
images (Table 3). The average user's accuracy and combined
user's accuracy are the highest at 1.8 and 1.2 N values,
respectively, for the DIFF4 image (Table 2). As noted above, at
a 1.8 N value, the producer's accuracy for the change category
is only 42.47 percent. Similarly, these two indices are the highest
at a 1.3 N value for the SPC4 image. But the producer's accuracy
for the change category is again only 44.52 percent. Nelson
(1983) noted that the use of combined accuracy can dampen the
biases of the average or overall accuracy. The result of the SPC4
analysis indicate that it may not always be possible to alleviate
the problem. On the whole, the use of indices based on the

TABLE 2. THE ACCURACY INDICES COMPUTED FROM THRESHOLDING THE DIFFERENCED MSS4 (DIFF4) IMAGE

Overall Average Combined K
No-change Change Accuracy Accuracy Accuracy (X 100) VIi<)

N u p K; u p K; u p u P
0.2 82.64 25.32 59.17 47.88 92.81 9.35 54.00 65.26 59.06 59.63 56.53 16.15 0.00276813
0.4 82.95 55.44 59.90 58.39 84.59 27.63 67.83 70.67 70.02 69.25 68.92 37.82 0.00134653
0.6 82.34 69.62 58.44 66.01 79.79 40.88 73.94 74.18 74.71 74.06 74.32 48.10 0.00112826
0.8 81.61 82.03 56.74 75.52 75.00 57.42 79.04 78.57 78.52 78.80 78.78 57.08 0.00100579

'1.0 79.82 89.11 52.52 82.52 69.52 69.60 80.79 81.17 79.32 80.98 80.05 59.86 0.00097760
1.2 76.76 93.67 45.33 87.80 61.64 78.79 80.06 82.28 77.66 81.17 78.86 57.55 0.00104419
1.4 74.22 96.20 39.34 91.43 54.79 85.09 78.60 82.83 75.50 80.71 77.05 53.81 0.00114627
1.6 72.20 97.97 34.60 94.70 48.97 90.79 77.15 83.45 73.47 80.30 75.31 50.10 0.00126248
1.8 70.11 99.75 29.67 99.20 42.47 98.61 75.40 84.66 71.11 80.03 73.26 45.61 0.00143476
2.0 68.05 99.75 24.83 99.07 36.64 98.39 72.93 83.56 68.19 78.25 70.56 39.65 0.00167340

Note: U = User's Accuracy
P = Producer's Accuracy
K; = Conditional Kappa Coefficient x 100 (see Equation 2)

Underlined represents the highest accuracy
, = the optimal threshold level based on the highest Kappa
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N Value

errors of omission and commission are high for the change and
no-change categories, respectively.

In contrast, the results generated by the other four indices
(overall accuracy, average producer'S accuracy, combined
producer's accuracy, and Kappa) are very similar for all change
detection techniques used. Of the six images, the differences in
N values at the highest accuracy are only 0.0 to 0.2. Four images
(DIFF4, RATI02, SPC3, and SPC4) have their highest accuracy
produced at the same threshold levels. All of the six images
have their highest accuracy attained at an N value between 0.9
to 1.1. The distributions of errors of commission and omission
between the change and no-change categories are less extreme
as compared to those based on the user's accuracy approach.

This contrast can be explained by the fact the the computation
of the overall, average, and combined accuracy according to the
producer's accuracy approach is based upon the same number
of reference samples in each iteration. In comparison, the number
of samples being classified as a certain category varies in every
iteration. The ratio between the number of classified samples
of the no-change and change categories varies from 60/627 (0.1
N), 441/246 (1.0 N) to 562/125 (1.8 N) for the DIFF4 image. When
the N value is small, the number of classified samples for the
change category is large, producing a low user's accuracy for
this category. Thus, the average and combined accuracies are
lowered. As the N value increases, the number of classified
samples for the change category also decreases. Thus, at a large
threshold value, the high user's accuracy for the change category
produced, based on a small number of classified samples, inflates
the user's average and combined accuracy.

----a-- No-change (U)--- No-change (PI- Change (U)-- Change (P)- Overall

----a-- Kal'l'"
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user's accuracy approach tend to generate the highest accuracy
at a larger threshold level than other indices. Consequently, the

FIG. 1. Changing pattern of the accuracy indices in thresholding the DIFF4

image (from Table 3).

TABLE 3. THE ACCURACY INDICES OF THE FIVE IMAGES

Image Overall Average Combined K
No-change Change Accuracy Accuracy Accuracy (X 100) V(K)

N u p K, u p K, u p u P
DlFF2 0.8 77.26 84.30 46.50 75.78 66.44 57.88 76.71 76.52 75.37 76.62 76.04 51.57 0.00111485

'0.9 76.84 87.34 45.50 78.99 64.38 63.46 77.58 77.91 75.86 77.75 76.72 53.00 0.00110463
1.0 76.08 89.37 43.72 81.17 61.99 67.24 77.73 78.62 75.68 78.18 76.71 52.99 0.00111692
1.1 74.79 89.37 40.68 80.47 59.25 66.02 76.56 77.63 74.31 77.10 75.44 50.34 0.00117107
1.2 74.53 90.38 40.08 81.73 58.22 68.23 76.71 78.13 74.30 77.42 75.51 50.49 0.00117603

RATlO2 1.0 77.38 88.35 46.79 80.51 65.07 66.10 78.46 78.95 76.71 78.70 77.59 54.79 0.00107515
'1.1 76.60 91.14 44.94 83.87 62.33 71.95 78.89 80.23 76.74 79.56 77.81 55.32 0.00107910
1.2 75.52 93.16 42.88 86.57 59.59 76.64 78.89 81.14 76.38 80.02 77.63 54.99 0.00109788
1.3 74.50 94.68 40.01 88.65 56.16 80.26 78.31 81.58 75.42 79.94 76.87 53.40 0.00114455
1.4 74.16 95.19 39.21 89.44 55.14 81.64 78.17 81.80 75.17 79.98 76.67 52.98 0.00115867

RATI04 0.8 81.70 82.53 56.95 76.04 75.00 58.33 79.33 78.87 78.77 79.10 79.05 57.63 0.00099722
0.9 80.00 85.06 52.95 77.90 71.32 61.57 79.18 78.95 78.19 79.07 78.69 56.93 0.00101963

'1.0 79.36 87.59 51.43 80.48 69.18 66.05 79.77 79.92 78.39 79.84 79.08 57.83 0.00101227
1.1 76.69 88.86 45.83 80.95 64.04 66.87 78.31 78.96 76.45 78.64 77.38 54.38 0.00108592
1.2 74.90 91.39 40.94 83.41 58.56 71.15 77.44 79.16 74.98 78.30 76.21 51.97 0.00115202

SPC3 0.8 85.00 86.08 64.71 80.84 79.45 66.67 83.26 82.92 82.77 83.09 83.01 65.67 0.00085004
0.9 84.32 89.87 63.12 84.96 77.40 73.85 84.57 84.64 83.64 84.61 84.10 68.06 0.00080941

'1.0 83.56 93.92 61.32 90.12 75.00 82.82 85.88 86.84 84.46 86.36 85.17 70.47 0.00076383
1.1 81.51 95.95 56.49 92.79 70.55 87.46 85.15 87.15 83.25 86.15 84.20 68.64 0.00080671
1.2 79.66 96.20 52.16 92.86 66.78 87.58 83.70 86.26 81.49 84.98 82.60 65.38 0.00087964

SPC4 0.9 70.83 77.47 31.38 65.10 56.85 39.30 68.70 67.97 67.16 68.34 67.93 34.89 0.00133718
'1.0 70.29 80.25 30.10 66.95 54.11 42.52 69.14 68.62 67.18 68.88 68.16 35.24 0.00136283
1.1 68.51 81.52 25.91 66.36 49.32 41.49 67.83 67.44 65.42 67.63 66.63 31.90 0.00144396
1.2 67.90 83.54 24.48 67.66 56.48 43.76 67.83 67.78 65.06 67.81 66.44 31.40 0.00149622
1.3 67.79 86.33 24.23 70.65 44.52 48.96 68.56 69.22 65.43 68.89 66.99 32.41 0.00153763
1.4 66.99 87.34 22.34 70.93 41.78 49.44 67.98 68.96 64.56 68.47 66.27 30.77 0.00161268

Note: U = User's Accuracy
P = Producer's Accuracy
K, = Conditional Kappa Coefficient x 100
Underlined represents the highest accuracy

, = the optimal threshold level based on the highest Kappa
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COMPARISON AMONG THE IMAGES

Note: NS = not significant at 95% confidence level
S = significant at 95% confidence level

TABLE 5. THE RESULTS OF TEST OF AGREEMENT BETWEEN ERROR

MATRICES PRODUCED FROM THE SIX THRESHOLDED IMAGES BASED ON

THE HIGHEST KApPA VALUES

CONCLUSION

We have examined the use of different accuracy indices to
determine optimal threshold levels for change detection images.
The use of the user's accuracy approach tends to be biased
towards the category with a small number of samples. Accuracy
indices produced based on the producer's accuracy and overall
accuracy may tend to be biased towards the category with a
large number of samples. The degree of bias is found to be a
factor of the ratio between the number of classified or reference
samples of the land-cover categories. The Kappa coefficient of
agreement is recommended to be used because all cells of the
error matrix are considered.

While significance testing may provide valuable information
concerning the differences in accuracy between the error ma
trices produced from different images, it is more important to
scrutinize the ability of each image to detect specific land-cover
changes. Although the accuracy of the entire image and/or the
generalized change and no-change categories may not be high,
different techniques do have the ability to highlight specific
land-cover changes. This factor should not be overlooked in
deciding which change detection techniques or what spectral
band combinations should be used.

individual image to detect specific land-cover changes is
investigated.

Because the six images are binary in information, it is not
possible to compute the conditional Kappa (Rosenfield and
Fitzpatrick-Lins, 1986) or user's accuracy for the nine types of
changes. The producer's accuracy becomes the only measure to
check the inherent change information. Table 6 illustrates the
producer's accuracy for the change categories as identified from
the six images.

The first three types of changes listed in Table 6 are associated
with the process of rural to urban land conversion. The change
from cropland to residential land is difficult to assess due to the
small number of samples. Among the six images, DIFF2, RATI02,
SPC3, and SPC4 are effective in detecting change from cropland
to construction sites with a producer's accuracy of over 90 percent.
Despite the low Kappa value of SPC4 (Table 5), it produces the
highest producer's accuracy for the change from construction
sites to residential land. In comparison, RATI02 and SPC3 are
not able to detect this type of change.

Changes within agricultural land are mainly associated with
crop rotation among the three major crop types of grain
(harvested and become bare soil in August), corn, and pasture.
The changes between bare soil and pasture can be successfully
detected, with a producer's accuracy of over 90 percent, by all
of the images except SPC4. SPC3 produces the highest accuracy
for the changes between bare soil and corn. DIFF4 is the only
image which can detect change from pasture to corn with an
accuracy of 90 percent. None of the images can detect change
from corn to pasture with an accuracy of over 70 percent.

From Table 6, it is conspicuous that different images do possess
different change information. For rural to urban land conversion,
a differenced MSS2 image or a change in brightness image
produced from principal components analysis is suitable to use.
To detect changes in the agricultural land, the change in greenness
vector produced from principal components analysis is able to
provide the most comprehensive information. A close scrutiny
of these images as well as their statistics is important to determine
their usefulness.
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0.53
0.29
0.46
0.29
0.00

SPC4SPC3
0.80

-0.91
0.80

-0.87

-0.55
0.93

-0.55

RATI04
0.92

-0.59

RATI02
-0.59
DIFF4

TABLE 4. CORRELATION MATRIX OF THE SIX IMAGES

It should also be noted that the ratio of the number of reference
samples of the no-change and change categories is only 395/
292. This ratio is by no means an extreme distribution of the
number of samples. Thus, the inherent bias towards the category
with the larger number of samples (the no-change category) is
less significant when computing the overall accuracy and the
two indices based on the producer's accuracy approach. This
bias will be stronger if the ratio becomes larger. Further analysis
is needed to verify this.

Because only the Kappa can take into account all of the cell
elements of error matrices, the optimum threshold levels are
thus selected based on the highest Kappas of the thresholded
images. The differences among the six thresholded images are
now compared.

Table 4 illustrates the correlation among the six unthresholded
change images. The differenced and ratioed images generated
from the same spectral bands are highly correlated. The SPC3
(change in greenness) is also highly correlated with the
differenced and ratioed images. But the correlation between
SPC4 (change in brightness) and other images are relatively low.

To examine the differences among error matrices produced
from the thresholded images, pairwise significance testing of
Kappas' test statistics are performed. As presented in Table 5,
the SPC3 is significantly different from the other five images at
the 95 percent probability level. It has the highest Kappa value
of 0.7047. In contrast, the SPC4 is Significantly different from the
other images but with the lowest Kappa value of 0.3524. The
four differenced and ratioed images have no significant difference
in terms of the accuracy of classification. Their Kappa values
range from 0.5300 (DIFF2) to 0.5986 (DIFF4).

However, it should be noted that each image may consist of
different information content despite their differences or
similarities in accuracy. While there is no significant differences
in terms of the accuracy of the two error matrices of D1FF2 and
DIFF4, the land-cover changes they reveal may be entirely
different. Comparison is meaningless unless the ability of each

Z-Statistic
DIFF4 RATI02 RATI04 SPC3 SPC4

DIFF2 -1.5034 -0.4965 -1.0498 -4.0416 3.5753
(NS) (NS) (NS) (S) (S)

DIFF4 1.0011 0.4551 -2.5425 5.0891
(NS) (NS) (S) (S)

RATI02 -0.5489 -3.5291 4.0635
(NS) (S) (S)

RATI04 -2.9993 4.6353
(S) (S)

SPC3 7.6395
(S)

DIFF2
DIFF4
RATI02
RATI04
SPC3
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TABLE 6. THE PRODUCER'S ACCURACY OF THE NINE CHANGE CATEGORIES

Changes No. of IMAGES

From To Samples DIFF2 DIFF4 RATI02 RATI04 SPC3 SPC4

Construction Residential 31 70.97 6.45 35.48 16.13 12.90 77.42
Sites
Cropland Construction 30 96.67 53.33 96.67 60.00 90.00 93.33

Sites
Cropland Residential 11 36.36 54.55 36.36 54.55 45.45 36.36
Bare soil Corn 62 67.74 72.58 70.97 72.58 80.65 35.48
Bare soil Pasture 38 94.72 100.00 94.72 100.00 100.00 36.84
Corn Bare soil 27 66.67 62.96 74.07 66.67 77.78 33.33
Corn Pasture 23 4.35 56.52 17.39 60.87 65.22 52.17
Pasture Bare soil 30 93.33 100.00 93.33 100.00 100.00 40.00
Pasture Corn 40 2.50 90.00 15.00 70.00 72.50 82.50
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Photogrammetric Society Winter Lecture Program
United Kingdom

1988-1989
1 November 1988 - Small Formal Aerial Surveys and Their Applicatiolls
A one-day symposium on uses of airborne small format cameras.

15 November 1988 - Annual GClleral Meetiug
to be followed by Remote sensing and Satellite Navigation: Complementary Tools of Space Technology
Various types of sensor will be used for earth observation in the era of polar platforms. At the same time, satellite navigation will become a widely used technique which should support
remote sensing by its capability to determine orbit, position, velocity and attitude. Navigational systems can also benefit considerably from remote sensing systems and their capabilities. Basic
concepts, technical solutions and practical applications will be reviewed and discussed.

13 December 1988 - Analytical Plotter Forum
A panel of representatives of Corporate Members will discuss user experience and answer questions from the audience.

17 January 1989 - Digital Restitutio,,: Current Status a"d Future Developme"ts
The current state of development of digital restitution systems is reviewed with examples and results from digital plotters and automatic correlation. The prospects for the future are discussed.

21 February 1989 - X-Ray Photogrammetry of Artificial Joints
The surgical revision of artificial hip and knee joints which have loosened after many years of use is demanding and absorbs almost as many resources as all the original replacements. Methods
of X-ray photogrammetric measurement are reviewed and a technique will be described which is intended to identify potential loosening and lead to improved joint designs and surgical
techniques.

23 February 1989 - CD ROM and Videodisc Technologies: Their Application in Mappil/g and Remote Sensing
An afternoon meeting arranged jointly with the Remote Sensing Society and the British Cartographic Society.

9 mId 21 March 1989 - Mappillg for Deve/omellt Corporations
A review of the background to and requirements for contract mapping on typical urban development sites. A joint meeting with the British Cartographic Society_

5 April 1989 - Geomorphology and Photogrammetry
A one-day symposium arranged jointly with the British Geomorphology Research Group.
For further information please contact

The Photogrammetric Society
Department of Photogrammetry and Surveying
University College London
Gower Street
London WCl E6BT
United Kingdom


