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A Practical Look at the Sources of 
Confusion in Error Matrix Generation 

Abstract 
The need for assessing the accuracy of spatial data derived 
from remote sensing techniques and used in geographic in- 
formation system @IS) analyses has been recognized as a 
critical component of many projects. The results of this as- 
sessment are typically represented by an error mafrix pre- 
senting the overall accuracy, the accuracies of each categoy, 
and the omission and commission errors. This paper pre- 
sents a discussion of the various sources of confusion that 
are represented within an error matrix. 

Ideally, the matrix is representative of only classifica- 
tion error. However, other factors can be significant and sub- 
stantially lower the accuracy as represented by the matrix. 
An example is presented from mapping old growth forests 
on the Rogue River National Forest in Oregon. A detailed ac- 
curacy assessment was performed and the sources of confu- 
sion between the remotely sensed map classification and the 
reference data set were explored. The results demonstrated 
that these other non-classification differences can be sub- 
stantial sources of error. Finally, methods for controlling 
these differences are discussed. 

Introduction 
The need for assessing the accuracy of remotely sensed and 
other spatial data is a continuing one and the issue is receiv- 
ing more interest every year. The use of remotely sensed data 
in geographic information systems (GIs) has made such as- 
sessments even more important. This has not always been 
the case. Historically, accuracy assessment was an after- 
thought and often performed in a haphazard manner. Many 
times the assessment was only qualitative in nature and 
achieved by visiting a few areas and determining that the 
classification "looked good." 

Early on some researchers, notably Hord and Brooner 
(1976), van Genderen and Lock (1977), and Ginevan (1979), 
proposed some criteria and techniques for testing map accu- 
racy. In the early 1980s more in-depth studies were con- 
ducted and new techniques were proposed [Rosenfield et al., 
1982; Congalton et al., 1983; Aronoff, 1985). As a result of 
this work and work by others, the error matrix (Story and 
Congalton, 1986) became the standard medium for reporting 
remotely sensed data classification accuracies. In addition, 
the use of the Kappa statistic (Cohen, 1960) was recom- 
mended by many researchers as an acceptable measure of ac- 
curacy. Work continued in this area throughout the rest of 
the 1980s and into the 90s by incorporating other factors in- 
fluencing the accuracy of spatial data, including sampling 
scheme and sample size, classification scheme, and spatial 
autocorrelation. A detailed review of the techniques and con- 

siderations for accuracy assessment can be found in Congal- 
ton (1991). 

As techniques became more established and accuracy as- 
sessments were required as a critical component of any map- 
ping project, other important considerations became evident. 
These issues include ground verification techniques, incor- 
porating assessments into regional and global projects, and 
evaluating all the sources of error in the spatial data, not just 
classification accuracy. Lunetta et al. (1991) looked at the ef- 
fect the error associated with remote sensing and GIS data ac- 
quisition, processing, analysis, conversion, and final 
presentation can have on the decision making process. Smith 
et al. (1 991) explored the use of different algorithms and 
their effects on the same data set and Fenstermaker (1991) 
discussed the issues of global assessments in terms of the 
EPA nationwide Environmental Monitoring and Assessment 
Program (EMAP). 

As part of an effort to identify old growth forests in the 
Pacific Northwest from remotely sensed and other spatial 
data (Congalton et al., 19931, an extensive accuracy assess- 
ment was conducted. In this study, classifications derived 
from remotely sensed data were used as inputs into a GIS 
along with other layers of spatial information such as slope, 
aspect, elevation, hydrology, and other factors used to deter- 
mine areas of old growth forest. Old growth forests were de- 
fined by a variety of characteristics including tree canopy 
structure (i.e., multistoried), tree diameter, crown closure, 
and size of the stand. 

Instead of using a traditional remote sensing approach 
and identifying old growth areas on the satellite data and 
building old growth training areas, the factors mentioned 
above were identified in a GIS and used to determine where 
old growth forests exist. In other words, the remotely sensed 
data were used to identify tree species, size class (diameter), 
crown closure, and structure instead of just identifying a cat- 
egory as old growth. This way, if the definition of old growth 
was modified, the rules for selecting old growth in the GIS 
database could be changed and a new map based on the re- 
vised definition of old growth could be produced. For exam- 
ple, if the size class definition of big old growth were 
changed from 32 inches in diameter to 36 inches, a map of 
old growth using this new definition could quickly be gener- 
ated from the GIS. If the traditional approach was used, the 
entire image classification process would need to be repeated 
and old growth areas meeting the new definition identified. 

Much was learned about the practical and technical as- 
pects of accuracy assessment during this project. Specifi- 
cally, observations were made that directly affect generation 
of the error matrix, a critical component for representing the 
accuracy determined by any assessment. It is the knowledge 
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gained from this extensive effort that we would like to report 
on in this paper. Hence, the objectives addressed in this pa- 
per were: 

To identify and enumerate sources of confusion between the 
remotely sensed classification and the reference data used to 
assess it. 

To estimate the impact of non-error differences on the error 
matrix. The term non-error differences is used here to differ- 
entiate classification error from the other non-error differ- 
ences that can occur in the error matrix. 
To suggest methods of controlling these non-error differences 

Methods 
The study area used to perform an in-depth analysis of the 
components of error matrix generation was the Rogue River 
National Forest in southern Oregon (Figure 1). This forest is 
part of the Douglas-fir old growth forests of the Pacific 
Northwest. The categories of interest in this study were big 
old growth, little old growth, and other. Big old growth was 
defined as a coniferous forested area with more than 70 per- 
cent total crown closure and greater than 10 percent crown 
closure in trees 32 inches in diameter at breast height (DBH) 

Rogue R iver  Na t iona l  Fores l  

Na t iona l  Fores ts  and Parks w i t h i n  Ihe 
Douglas-f i r  Region 

Nat iona l  F o r e s l s  and Parks ou ts ide  o f  
the Douglas-f i r  Region 

Rogue River National Forest study area is 
uglas-fir Old Growth region of the Pacific 

or more. Little old growth was defined as a coniferous for- 
ested area with more than 70 percent total crown closure ana 
greater than 10 percent crown closure in trees 21 to 31 
inches in diameter at breast height (DBH). The other category 
encompassed everything else but old growth. 

Error Matrix Generation 
An error matrix is a square array of numbers set out in rows 
and columns which expresses the number of sample units 
(i.e., pixels, clusters of pixels, or polygons) assigned to a par- 
ticular category relative to the actual category as verified by 
some reference data. The columns usually represent the ref- 
erence data while the rows indicate the classification gener- 
ated from the remotely sensed data. In other words, an error 
matrix is a comparison between sampled areas on the map 
generated from the remotely sensed data and those same 
areas as determined by some reference data. The reference 
data are typically ground visits or large scale (1:12,000 or 
larger) color aerial photography. The object then of the error 
matrix is to represent the accuracy of the remotely sensed 
classification (i.e., the errors in the map). An assumption 
made here is that all differences between the remotely 
sensed map classification and the reference data are due to 
classification andlor delineation error. However, there are 
many other sources of confusion between the remotely 
sensed classification and the reference data that must also be 
considered. They include 

Registration differences between the reference data and the 
remotely sensed map classification; 
Delineation error encountered when the sites chosen for ac- 
curacy assessment are digitized; 
Data entry error when the reference data is entered into the 
accuracy assessment database; 
Error in interpretation and delineation of the reference data 
(e.g., photointerpretation error); 
Changes in land cover between the date of the remotely 
sensed data and the date of the reference data (temporal er- 
ror), for example, changes due to fires or urban development 
or harvesting; 
Variation in classification and delineation of the reference 
data due to inconsistencies in human interpretation of heter- 
ogeneous vegetation; 
Errors in the remotely sensed map classification; and 
Errors in the remotely sensed map delineation. 

Each of these possible sources of confusion were evaluated 
during the error matrix generation for the Rogue River Na- 
tional Forest. Methods were devised for controlling the dif- 
ferences represented by the first six factors in the above list 
(i.e., the non-error differences). It is these six factors that can 
significantly lower the accuracy in an error matrix and make 
the classification (i.e, factors 7 and 8) look far worse than it 
actually is. Error matrices were generated that compared the 
remotely sensed map classification only to ground visited 
reference data and to a combination of ground visited plus 
photo interpreted reference data. Finally, an error matrix was 
generated that compared the ground visited reference data to 
the photo interpreted reference data. 

Results 
Table 1 presents the error matrix for the remotely sensed 
map classification as compared to the photo interpreted and 
ground visited reference data combined. Table 2 shows the 
error matrix where only the ground visited reference data 
was used and Table 3 is a comparison between the ground 
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visited and photo interpreted reference data sets. These ma- 
trices are provided for comparison purposes. Clearly, it is 
more expensive and time consuming to ground visit refer- 
ence data sites rather than to photo interpret them. Minimiz- 
ing ground visits is therefore very desirable. 

However, it is important to check that the photointerpre- 
tation is correct (i.e., that it agrees with what a ground visit 
would indicate]. Table 3 presents this comparison between 
assessment sites that were both photo interpreted and ground 
visited. Given the desire to collect as few ground visits as 
possible, this matrix is going to have fewer samples. This 
limits the statistical inferences that can be made from the 
matrix, but it can still be indicative of whether problems 
(confusion) exist. Taking sufficient samples to provide a sta- 
tistically valid matrix would defeat the purpose of substitut- 
ing the photo interpreted sites for the ground visits. 

The detailed analysis of the sources of confusion for the 
Rogue River National Forest accuracy assessment revealed 
the following: 

TABLE 2 . ERROR MATRIX COMPARING THE REMOTELY SENSED MAP 
CLA~SIFICATION TO JUST THE GROUND VlSIlE0 REFERENCE DATA SITES. 

Grwnd vidted 
ReferemeData - 

Land Cover Categories 
BOG LOG 0 -- - 

BOG - big dd 
s r o h  

LOG 
Remotely 
Sensed 
*P 

Classification 

LOG - l i e  d d  
growth 

0 - other 

total cO1mn m 
OVERALL ACCURACY - 
36/44 - 82% 

PRODUCER'S ACCURACY USER'S ACCURACY 

BOG- 8/14 - 57% 
LOG- 1/2 -5096 
0 - 27/28 - 96% 

BOG- 8/10 -80n 
LOG= 1/2 -50% 
0 - 27/32 - 84% No registration differences: 

a No delineation errors; 
Delineation in the digitizing process was controlled by digi- 
tizing all data twice. 

a No data entry errors; 

a Assuming the ground reference data to be the truth, eight of 
the 40 photo sites that were visited on the ground were in- 
correctly photo interpreted; 

Data entry differences were handled by implementing a strict 
set of procedures in which all personnel were well trained 
and a series of checks instituted to e n s m  consistency (i.e., 
quality control]. Nine of the accuracy assessment sites had been harvested 

after the date of thephotography used for reference data but 
before the data of the remotely sensed data acquisition: and In order to minimize photo interpretation differences, ground 

visits were substituted for internretation wherever practical. 
a Of the 27 sites that were photo interpreted by two different 

interpreters, 11 of them or 41 percent were given a different 
class by each interpreter. 

In places where interpretation was used, a subsample of re- 
sults for both the photointerpretation and the ground visits 
were compared as in Table 3. 

As a result of this detailed analysis, methods for controlling 
these differences between the remotely sensed map classifi- 
cation and the reference data were devised. These actions in- 
cluded 

Temporal problems can be quite siflicant and were con- 
trolled by requiring the reference data be as close in date to 
the remotely sensed map classification as possible. An evalu- 
ation should be made of the temporal problems in each map- 
ping project. If found to be significant, then newer, more 
appropriate reference data must be obtained. In the Rogue 
River National Forest example, temporal problems were 
caused by timber harvesting between the time the photo- 
graphs used as reference data were obtained and the time of 
the remotely sensed data acquisition. Fortunately, cut areas 
can be easily detected on the raw remotely sensed data and 
so these temporal problems can be easily detected. Other 

a Registration differences were controlled by transferring the 
reference data to the remotelv sensed maD classification be- 
fore generating the matrix.  his pocedure allowed the ana- 
lyst to check that both data sets coincided by visual 
inspection. 

TABLE 3 . ERROR MATRIX COMPARING THE GROUND VISITED REFERENCE 
DATA SITES TO THE PHOTO ~NTERPRETEO REFERENCE DATA S m .  

Combination of photo interpreted 
and ground visited reference data Grwnd Visited 

Reference Data .-., row 
BMi LOG Lami Cover Categories 

4 "" 
BOG LOG 0 total Land Cwer Categories 

BOG - big d d  
growth BOG 

LOG 
Remotely BOG 40 

BOG - big old 
growth Photo 

intepfeted 
Reference 

Data 
LOG - little d d  

growth 
LOG - little d d  

growth 

column 
total 

I 0 - other 

total 
OVERAU ACCURACY - 
137/195- 70% 

OVERAU ACCURACY - 

PRODUCER'S ACCURAGY PRODUCER'S ACCURACY USER'S ACCURACY USER'S ACCURACY 

BOG- 516 -83% 
LOG- 1/6 -17% 
0 - 26/28 - 93% 

BOG- 40/56 -71% 
LOG - 5/31 - 16% 
0 = 92/10B - 85% 

BOG=40/71 = 56% 
LOG = 5/13 = 38% 
0 = 92/111 = 83% 

BOG= 519 - 56% 
LOG - 1/2 = 50% 
0 = 26/29 - 90% 
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problems are not so easy to control. For example, the change 
in the size class (i.e., diameter of the trees) can change be- 
tween the time of the photo and remotely sensed data acqui- 
sitions, especially in a fast growing area such as the Olympic 
Peninsula in Washington. 
Inconsistencies in human interpretation, especially for heter- 
ogeneous areas, can be a very difficult factor to control. Mea- 
sures of variation in interpretation need to be further 
developed that can test the validity of class boundaries while 
at the same time provide for allowable variances in the accu- 
racy assessment. 

Conclusions 
There are many sources of confusion between the remotely 
sensed map classification and the reference data as rep- 
resented by an  error matrix. The non-classification error dif- 
ferences can significantly lower the accuracy as determined 
from the matrix. Therefore, the error matrix is really a "dif- 
ference" matrix and is only representative of error if these 
other differences (sources of confusion) have been accounted 
for. It is critical that all these differences be considered in 
any accuracy assessment. 

The importance of assessing the accuracy of remotely 
sensed data classifications is evident. However, assessing 
other spatial data layers are equally important. Decisions 
made as a result of the data i n  a GIS are only as good as the 
input data. Many of the techniques and problems described 
in  this paper apply to other spatial data besides just remotely 
sensed data. As more and more emphasis is placed on com- 
puter databases and GIS, i t  is increasingly important to con- 
sider techniques for evaluating the accuracy of these layers. 
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