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Abstract
The Kappa coefficient is generally used to assess the accu-
racy of image classifications. We introduce the Tau coeffi-
cient, which meesures the improvement of a classification
over a random assignment of pixels to groups, and we com-
pare its performance with that of Kappa and percentage
agreement. Not only does Tau better adjust percentage agree-
ment than Kappa, but it is also easier to calculate and inter-
pret. For these reasons, we believe that Tau is a better
measurc of c]assification accuracv for use with remote sens-
ing data than either Kappa or perc'entage agreement.

lntroduction
In the remote sensing field, the accuracy of an image classifi-
cation refers to the extent to which it agrees with a set of ref-
erence data. Most quantitative methods to assess classifica-
tion accuracy involve an error matrix built from the two data
sets (classifications are read across the rows and reference
data down the columns). The percentage agreement (P") uses
only the main diagonal elements of the error matrix, and, as
such, it is a relatively simple and intuitive measure of agree-
ment. On the other hand, because it does not take into ac-
count the proportion of agreement between data sets that is
due to chance alone, it tends to overestimate classification
accuracy (Congalton and Mead, 1983; Congalton et 01., 1.983;
Rosenfield and Fitzpatric-Lins, 1986). The Kappa coefficient
(K) has come into wide use (Congalton, 1991) because it at-
tempts to control for chance agreement by incorporating all
marginal distributions of the error matrix (Cohen, 1960). Re-
cently, however, Foody (rggz) showed that, without modifi-
cations, Kappa overestimates this proportion of agreement
due to chance and underestimates the overall classification
accuracy. Foody (tggz) also described a modif ied Kappa sta-
tistic for use with classifications based on equal probability
of group membership that resembles and is derived more
properly from the Tau coefficient (T). In this paper we ex-
pand on Foody's findings and present an alternative method
for assessing classification accuracy from an error matrix us-
ing the Tau coefficient. As a comparison of classification
against a random assignment, the Tau coefficient provides an
intuitive and relatively precise quantitative measure of clas-
sification accuracy.

The Kappa and Tau Coefficients
The Kappa coefficient was derived by Cohen (1960)

ible index for use when chance agreement between
sets is a concern. It may be calculated as
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The Tau coefficient is superficially similar to Kappa. Ac-
cording to Klecka (1980), it may be calculated as
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We define N as the total number of pixels, M the number of
groups, P,- (n,-/M the marginal distribution of the reference
data, and P, (x,lIl) the a priori probabilities of group mem-
bership (James, 1985). In most cases, the P, is proportional to
P,r (x, is proportional to n,.).

Both Tau and Kappa are calculated from the marginal
distributions of the reference data; the critical difference be-
tween the two coefficients is that Tau is based on the o
priori probabilities of group membership, whereas Kappa
uses tlre a posteriori probabilities. The importance of this
difference will become clear in the discussion below'

A special case of Tau arises when the a priori prob.abili-
ties of gioup membership are equal for a classification (i.e.,
when x, N/Iln. I\ this case,

Photogrammetric Engineering & Remote Sensing,
vol .  61,  No.  4,  Apr i l  1995,  pp.  435-439.

o0s9 -111.2 / 95/6 1 04-4 3 5 $ 3. 00/0
O 1995 American Society for Photogrammetry

and Remote Sensing
Montana Cooperative Wildlife Research
of Montana, Missoula, MT 59812.

PE&RS

Unit, The University



PEER.REVIEWED ARI IC IE

TlgLg 1. CLnssrrrcnrrorl BASED oN Eoulr Pnoensrrrrv
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+i  7"15  21 .1  409 4537 432 432 1006 35s  88  B1B5

Percentage Agreement P,, :  0.8326 P, (1-P,,)/N : 0.0000170
95% confidence interval of { is (0.82s, 0.841)

P. :  0.368s K : o.z3s q,(1-p.)/(N(1 -p,,),)  :  o.oooo427
95% confidence interval of K is (0.722, o.748)

P,  -  0 .1111 7 , .  =  o .81 .2  p" (1 -p" ) / (N(1-p , ) ' )  -  0 .0000215
95% confidence interval of I  is (0.803, 0.821)

1. Water 2. Wetland 3. Conifer 4. Broadleaf 5. Mixed Forests 6. Aeri-
culture 7. Rangeland B. Urban (Residential Area) 9. Gravel Pit

agreement (P.) will be determined by the number of groups
(1,1M). For error matrices built from supervised classificatlons
with equal probabilities of groups. ranaom agreement (p.) is
also determined by the number of groups (1/M). For error
matrices built from supervised classifications with unequal
probabilities of groups, random agreement (P.) will be deter-
mined by

r, : f- e,.r,
r s

^ f .  u  t t t r ^ i  .

These unequal probabilities of groups may be obtained from
at least three sources: a previous suivey of group population,
an estimation of group population from aerial photos, or an
arbitrary decision for the importance of groups.

Analytical Example
Tables 1 and 2 are error matrices built from indenendent
classifications of nine cover tvpes. The error matiices were
built with reference data do#n the columns and classified
data across the rows. The first classification fTable 1) is
based on equal probabil ity of group membership, whereas,
for the second classification (Table 2), the marginal distribu-
tion of the reference data was used to determine the a priori
probabilities (x, : n,*; Table z).

Calculated values of P, K, and Tare listed below each
table. For the first comparison, we note that the magnitude of
K a1d T, differ for the classification based on equal-probabil-
ity (Table 1), whereas Kand f, are very similar for the clas-
sification based on a priori probability (Table 2). For the first
classification, this difference indicates the extent to which K
overestimates chance agreement relative to f (see Foody,
1992). The Tau coefficients for the two error matrices ar-e
very close (7" : 0.812 vs. T, : 0.800) even though the per-
centage agreements differed by almost 5 percent (0.B3ZO vs.
0.BB0Bl .

Tau also may be viewed as the ratio between the num-
ber of pixels that were correctly grouped by a classifier and
the number of pixels that were not correctly grouped by ran-
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such that

We define I, as Tau for use with classifications based on
equal probabilities of group membership, and I as Tau for
classifications with unequal probabilities. We also point out
that Foody (tggZ) described what is essential ly I  as a modi-
fied Kappa statistic that was derived by Brennan and Predi-
ger  (19811.

Thus, for classifications based on an equal probabilitv of
g roup membersh ip .  T-  becomes an  ad lus tm-ent  o f  percentage
agreement (P,,) by the number of groups (i.e., as the number
of groups increases, Q approaches P,, in value.) and, as a
measure of classification accuracy, it is independent of group
size. For classifications based on an unequal probability of
group membership, ! is an adjustment of percentage agree-
ment ({) by the number of groups and the a priori probabili-
ties used for ciassification. Thus, both ?,, and 7,, measure the
improvement of a classification over a r6ndom issignment of
pixels to groups.

An error matrix can be built by comparing reference
data with classifications from three situations: (1) unsupervi-
sed classif icat ion, (2) supervised classif icat ion with equl l
probabil i ty of group membership, or (3) supervised classif ica-
tion with unequal probability of group membership.

For error matrices built from unsupervised classifica-
tions, o priori probabilities of groups aie equal, and random
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TnsLr 2. Cmssrrrcnrrot Bnseo ot UNEeuAt PRoBABILtry
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Percentage Agreement P, ,  :  0.BS0S P"(1-P") /N :  0.0000128
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q,  :  0.4019 K :  0.801 P, , (1-P, , ) / (N(1 -P.) , )  :  0.0000358
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1. Water 2. Wetland 3. Conifer 4. Broadleaf 5. Mixed Forests 6. Asri-
culture 7. Rangeland B. Urban (Residential Area) 9. Gravel pit
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dom assignment. Thus, for the classif icat ion based on equal
probabil i ty, the ?1. value indicated that 81.2 percent more
pixels were classified correctly than would be expected by
random assignment. Similarly, the I value indicated that
the classif icat ion based on an unequal probabil i ty (Table 2)
made 80.0 percent fewer errors than would be expected by
random assignment. In this respect, Tau values may be easier
to understand and interpret than Kappa.

Finallv. to illustrate that the pattern holds for a wider
range of dita, we calculated Tau ioefficients for the error
matrices presented by Congalton ef 01. (1983) (assuming
equal probabil i t ies of group membership based on how these
error matrices were bui l t)  and compared them with Kappa
and percentage agreements in Figure 1. The Tau coefficients
correctly estimate random agreements and provide an intui-
tive and accurate measure of classification accuracv. These
findings show that Kappa constantly overestimates chance
asreement and underestimates classif icat ion accuracv (Foody,

1be2).

Random Agreement Palametet
Another important parameter is random agreement (P'),

which enters the calculation of Tau in both the numerator
and denominator. Unlike chance agreement (P.),  which, to
obtain K must be calculated after an error matrix is made,
random agreement (P,) can be calculated beforehand. This
means that P. is independent of the error matrix because o
priori probabilities of group membership are determined be-
fore a classif icat ion is made. In other words, Tau is calcu-
Iated simply by adjusting percentage agreement ({) by the
constant value of random agreement (P.).  For this reason,
random agreement (P') is also an intuitively useful parameter
for interpreting the accuracy of a classification.

For classifications based on equal probability, random
agreement (P,) is the reciprocal of the number of groups.
Hence, smaller random agreement (P,) values indicate larger
numbers of groups, which, in turn, increases the difficulty of
classif icat ion. In the f irst classif icat ion of the previous exam-
ple (Table 1), the random agreement (P,) of 11.1 percent in-
dicates that the "true" accuracy of the classification should
be closer to the percentage agreement (q,) value than would
be indicated by Kappa (Foody, 1992). In contrast, for the sec-
ond classif icat ion based on unequal probabil i t ies (Table 2),
the reference data showed that one group ("broadleaf'1) con-
tained 61.1. percent of the pixels. This group, through i ts
large weighting factor (n,**x,),  corrtr ibuted to the relat ively
high percentage agreement (P,,),  which is adiusted down-
wards by random agreement (P,) to compensate for the une-
qual group probabilities used for classification. Again, we
note that the proper Tau coeff icient (7,,) makes this adjust-
ment as well as K and it does so in a manner that is easier
to calculate and to interpret.

Testing for Significant Difietences
Each error matrix built for accuracy analysis must satisfy the
fo l lowi  ng assumpt ions:

o Pixels are sampled independent ly;
o Land-cover categor ies are independent.  mutual ly  exclusive,

and exhaustivel and
o The c lassi f icat ion runs independent ly.

Because the percentage agreement estimate (P,,) follows a bi-

nomial distribution, when the total number of pixels used for
bui lding an error matrix is large ( i .e.,  N > 100) i t  wi l l  ap-
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oroximate a normal distribution, as follows (Steel and Torrie,

r soo):

N-(NP,. \ lvq, (r-zl)

Given that the P,, distribution approximates normality, the
distr ibutions of both Tau and Kappa wil l  as well  (Cohen,

1960). Tests of significance then can be performed for any

given matrix to determine if these coefficients are_signifi-

-antly greater than zero, indicating that the classifications are
significantly better than a random assignment.- 

A geneial form for a 95 percent confidenc'e interval for

an accuracy coeff icient (C) can be set as

95 percent confidence interval :  C + L.96.o- (1)

To test the significance between two accuracy coeffi-
cients (G and C,) derived lrom two independent classif ica-
tions, a test statistic will take the general form of

z:4
)o i  + o!

Because the random agreement (P,) is independent of
the elements of the error matrix and can be calculated before
a classification is made, lt can be treated as a constant' The
variance of Tau is derived as fol lows:
Given that

o'z (P,.) : g

and

such that

c"  :  o '  (T )

, , P , , -  P , ,
'  

1 .  -  P - '

- o' (P,, - P,)

( 1  -  P , ) '

:  o'  (P") - o'  (P,)

(1 - P,) '

_ P " ( 1  
- P " )

N (1  -  P , ) '

With a variance for Tau, tests can be performed to deter-

mine if the coeffrcient is significantly greater than zero, or if

two Tau coefficients derived from independent classifications
are significantly different. Because most image classifications
are expected to be better than a random assignment of pixels
to groups, it is not particularly encouraging to find that a co-

efficient is significantly greater than zero (Cohen' 1960)'
Also, testing the difference between two coefficients requires
that one factor in a classification be examined while all other
factors in each independent classification are held constant
(Congalton et al., 1983).

A test of the significant difference between two coeffi-
cients of independent classifications can be performed using
Equation 2 at the 95 percent significance level (Zo.o. : 1.S6).

The variance of percentage agreement is given by

(2)

1
o ' ( P , , )  - : P  ( 1  P . , ) .

1V
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Figure 1. Comparison of Kappa, Tau, and Percentage
Agreements for error matrices from Congalton et al.
(1983). Matrix numbers here correspond to their table
numbers (e.9. ,  Matr ix  1 is  f rom Table 1) .

such that

p  - p
z:+

\ oi,, * 4,
0.BB0B -  0.8326

\ ,0 .0000128 +  0 .0000170

:  8 . 8 3 0

This indicates that the two percentage agreements from Ta-
bles 1 and 2 are significantly different at the 95 percent sig-
nif icance level. In this case, the random assignment with
unequal probabilities of groups (Table 2) contributed more to
percentage agreement than random assignment with equal
probabil i t ies of groups (Table 1).

Similarly, the two Tau coefficients, Tau with equal prob-
ability of group membership from Table L and Tau with une-
qual probability from Table 2 can be compared by

-  T , . -  T , ,

\ ol, + ol,

o.81.2 0.800
\  0 .0000215 +  0 .0000360

:  1 . 5 8 3

Thus, the two Tau coefficients (Tables t and Z) are not signif-
icantly different at the 95 percent significance level.

Because chance agreement (P.) depends on the elements
of the error matrix, the variance of chance agreement is not
equal to zero. The variance of Kappa is more difficult to cal-
culate; readers interested in the most accurate calculat ion of
variance for Kappa are referred to Hudson and Ramm (1987).

.  F?. simplici ty, we Lrse an approximation (Cohen, 1960)

Srven oy
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such that

r. (r - p,,1
: . ' ' t ^ ) - N ( 1  - P J

\"--{-
\1o2*, * ol,

0 . 801  -  0 .735

Z :

v0.0000358 + 0.0000427

= 7.449

This indicates that two Kappa coefficients are significantly
different at the 95 percent significance level.

Conclusions
There are at least three reasons to iustifv the use of Tau coef-
ficients to assess the accuracy of image tlassifications based
on a remote sensing data:

. Conceptually, Tau is easier to understand and interpret than
Kappa. The random agreement (P,) used to calculate Tau is a
direct measure of random assignment; therefore, Tau provides
a clear indication of the improvement of a classification over
a random assignment of piiels to groups. With Kappa, on the
other hand, chance agreement (P, ) may result from "expert
judgement" in addition to "chance," such that the coefficient
is an overestimate of chance agreement (P, ) (Brennan and
Prediger,  1981J.

o Both Tau and its variance estimates are relativelv simnle to
calculate. Because the random agreement (P.) us"ed to calcu-
late Tau is independent of the error matrix, it is known be-
fore the error matrix is built.

r Unlike Kappa, Tau compensates for unequal probabilities of
groups or for difference in number of groups. In other words,

l, compensates for the influence of unequal probabilities of
groups on random agreement, and I compensates for the in-
fluence of the number of groups.

The subscript (p and e) of Tau should always be used so
that readers will know how the classification was made and
how the coefficient was calculated.
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