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Abstract

We present a method to estimate recognition performance
for large galleries of individuals using data from a signifi-
cantly smaller gallery. This is achieved by mathematically
modelling a cumulative match characteristic (CMC) curve.
The similarity scores of the smaller gallery are used to esti-
mate the parameters of the model. After the parameters are
estimated, the rank 1 point of the modelled CMC curve is
used as our measure of recognition performance. The rank
1 point (i.e.; nearest-neighbor) represents the probability
of correctly identifying an individual from a gallery of a
particular size; however, as gallery size increases, the rank
1 performance decays. Our model, without making any
assumptions about the gallery distribution, replicates this
effect, and allows us to estimate recognition performance
as gallery size increases without needing to physically add
more individuals to the gallery. This model is evaluated on
face recognition techniques using a set of faces from the
FERET database.

1. Introduction

In general, an identification technique measures some prop-
erty of an individual and stores that information as a tem-
plate. This process is repeated for a number of individuals
to form a gallery of templates. Once the gallery is formed, a
method is heeded to ascertain the ability of the identification
technique to correctly discriminate between individuals.

A widely used, yet simple, method to determine recogni-
tion performance is to extract another set of measurements
from the same set of individuals (this is considered to be a
probe set) and to compute the percentage of time the new
measurements are correctly matched to their corresponding
template. This is the nearest-neighbor method; however,
this method alone does not give a way to determine recogni-
tion performance as the number of individuals in the gallery
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increases. As the gallery size increases, the recognition per-
formance decreases. The goal of this paper is to be able
to estimate nearest-neighbor recognition-performance of an
identification technique as the number of individuals in the
gallery increases using only the information provided by the
original, smaller gallery.

In our pervious work [2], we achieved this by using the
feature-space produced from the identification technique
to mathematically model a cumulative match characteristic
(CMC) curve. A CMC curve [4] shows various probabili-
ties of recognizing an individual depending on how similar
their measurements are to other individuals’ measurements
in the gallery. The rank 1 point on the CMC curve is the
nearest-neighbor recognition-performance.

This approach, while effective, is predicated on knowing
and using the feature space of the identification technique
and the Lynorm or Mahalanobis distance to compute simi-
larity within the feature space. However, there are a wide
range of identification techniques that do not have an actual
feature space, and similarity is computed with a variety of
techniques.

In this paper, we create a CMC model using only similar-
ity scores. This makes the CMC model more general, and
removes the need to accurately model the feature-space. To
determine recognition performance we focus on the rank 1
point of the CMC curve. In the following sections, related
work for using similarity scores to estimate recognition per-
formance is presented, and our model of the CMC curve is
discussed and evaluated on two face recognition techniques
using a set of faces from the FERET database.

2. Related Work

Estimating and/or predicting recognition performance is not
a new problem. Wayman [6] and Daugman [1] present
binomial models that only used the non-matching similar-
ity scores to estimate the probability that a false match
never occurs. However, [5] shows that these models dra-
matically underestimate recognition performance for large



gallery sizes.

In the same work [5], Phillips et al create another bino-
mial model designed to estimate a CMC curve. The model
uses both the matching and non-matching similarity scores.
The match and non-match scores were used to estimate a
single match and single non-match distribution as input to
the model. They are able to predict recognition performance
as the gallery size increases better than [6] and [1], but they
too experience underestimation of recognition performance.

Our model of the CMC curve is also a binomial model
most similar to [5]; however, our model differs in two ways.
First, instead of estimating match and non-match distribu-
tions, we use a counting method. We found that estimating
a distribution from the similarity scores is difficult given a
limited amount of data using non-parametric techniques like
parzen windows or k-nearest-neighbor. Second, instead of
combining all non-match scores from each individual into a
single non-match score set, we keep the non-match scores
from each individual separate to form multiple non-match
score sets. Using all the non-matching scores as a single
set will underestimate recognition performance, as we will
discuss in the next section.

3. Recognition Model

Before the recognition model is presented, we begin with
some terminology. A gallery contains a set of templates
extracted from NNV individuals. A probe, p, is another mea-
surement of an individual, 4, represented in the gallery. p’ is
a random variable that maybe represented by M instances
(i.e.; there are M other measurements of individual 7).

After computing the similarity® of the M measurements
for individual 7 to the gallery, we have ki that is the set of
all non-matching scores (size M (N — 1)), and y¢ is the set
of all matching scores (size M).

3.1. CMC Model

To develop the CMC model, we first define the probability
that an individual ’s match score is exactly rank n to be a
binomial probability distribution [3],
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R is rank, ¢ is the j** match score, and A(y?, k) is the
probability that y;'. is greater than or equal to any non-match
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score from k¢. Next, we average over all match scores
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The probability that an individual i’s match score is within
rank n, which is the definition of a CMC curve, is
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Finally, the expected value of the CMC curve over all indi-
viduals, is

CMC(R

3.2. Nearest-Neighbor Model

Equation 3 is the expected value of the CMC curve for any
rank n; however, here we focus on the rank 1 point. The
rank 1 point is probably the most important point because it
answers the question how well does the identification tech-
nique recognize individuals in one number. If we evaluate
Equation 3 at rank 1 it becomes
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Before we discuss evaluating this equation, we make a
necessary and practical assumption that all individuals have
a similar distribution of match scores. This assumption is
necessary because some identification experiments only ex-
tract a small number of measurements per individual and
usually only 1 (i.e.; M = 1). With such a small M, the
average over the match scores in Equation 4 would not be
accurate. The assumption is also practical because if we
assume that measurement variation for an individual due to
senor noise or condition is independent of the identity of the
individual and is greater than the inherent individual varia-
tion, then measurement noise should dominate the cause of
variation.

Using this assumption we combine the match scores,
y?, for all individuals into a single match-score set, z =

[y1 ars -y o], SO Equation 4 becomes
N MN
1 1
DD (= Al M) (5)
i=1 j=1

We note that Equation 5 is the expected value of the
recognition performance; however, if we combined all the



non-match scores into one set, T' =
tuted T for k¢ in Equation 5,
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this result would not give the expected value of the recog-
nition performance. It would give an underestimate of the
expected value of the recognition performance because an
average over the sets of non-match scores (per individual)
would not have been taken.

Returning our attention to Equation 5, we make a dis-
tinction between the number of individuals, IV, in the set
of probes, and the number of templates, N, in the gallery.
Every individual 4 in the set of probes has a corresponding
template in the gallery; however, the number of templates
in the gallery maybe larger than the number of probes. Also
the variable IV is redefined to be the size of the gallery being
estimated, and Equation 5 becomes
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We now need to find 1 — A(z;, k), which is the prob-
ability that the match score x; is less than any non-match
score from k% If we had enough non-match scores, a
density of the non-match scores could be estimated non-
parametrically. However, the most important part of the
match density to estimate is the region where match scores
exist. If the match score region is very small, then of all the
non-match scores only a few are used to estimate the den-
sity over that region. With only a few scores, the estimate
of that region will not be representative of the true density.
Since the number of hon-match scores in the region of over-
lap maybe limited, we choose to use the non-match scores
as is and do simple counting. Using counting, our nearest-
neighbor recognition performance model is
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where v(k?, z;) is the number non-match scores from &
that are less than match score z; and M (N, — 1) is the total
number of non-match scores per individual.

3.3. Error Analysis

Computing the probability ”““7%)) is equivalent to com-

puting a CDF for the non-match scores (see Figure 1). Be-
cause of a finite sample of non-match scores, the CDF is
discontinuous where as it should be continuous. This prob-
lem is magnified for lower mathch-scores where there are
not any samples, at these points the CDF has a zero proba-
bility.
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Figure 1: CDF for the non-match scores k°. x; (match score).

Table 1: Recognition Performance: The estimated recognition
performances were estimated from a gallery of size 100. Tech-
nique #1.

| Gallery Size(N) | Actual | Estimate | Error |

100 91.0% | 90.6% | -0.4%
500 86.6% | 85.1% | -1.5%
1005 81.4% | 80.8% | -0.6%

To combat this problem the gallery size, Ny, could be in-
crease to create a denser sampling of the non-match scores.
However, since the goal of this paper is to estimate recogni-
tion performance for a large gallery from a smaller gallery,
increasing N, is not desired. Instead, linear interpolation
my be employed between sample points on the CDF.

3.4. Moded Limitations

Our model is limited by the available gallery and probe sets,
which are used as input to the model. The model is designed
to estimate/predict recognition performance for larger gal-
leries with similar characteristics of the smaller gallery and
probe sets that were used to make the prediction. For exam-
ple, in a face-recognition test, if the gallery and probe set
have frontal face images, our model will estimate recog-
nition performance for larger galleries of frontal images.
However, it is not designed to estimate recognition perfor-
mance of a new gallery or probe set containing images sig-
nificantly differing from the frontal condition.

4. Experimental Evaluation

To demonstrate our model’s (Equation 7) ability to esti-
mate recognition performance, we use face images from the
FERET database provided to us by Phillips et al at NIST.
From this data set, we used the similarity scores of 1005 in-
dividuals generated by two different face recognition tech-
niques®. The gallery contains 1005 individuals from con-
dition “FA”, and the probe set contains condition “FB” of

2Multiple face recognition techniques were evaluated and compared at
NIST using the face images from the FERET data set. We randomly chose
two of the techniques to evaluate our recognition model.



Table 2: Recognition Performance: The estimated recognition
performances were estimated from a galery of size 100. Tech-
nique #2.

| Gallery Size(N) | Actual | Estimate | Error |

100 91.0% | 90.8% | -0.2%
500 88.0% | 858% | -22%
1005 82.1% | 815% | -0.6%

Table 3: Recognition Performance: The estimated recognition
performances were estimated from a gallery of size 100. Differ-
ent sets of 100 and 500 (than Table 2) for the Actua calculated
recognition performance were used. Technique #2.

| Galery Size(N) | Actual | Estimate | Error |
100 88.0% 90.8% +2.0%
500 84.6% 85.8% +1.2%

those 1005 individuals. Of the 1005 individuals, we ran-
domly chose 100 individuals to train our model. Therefore
we have N, =100, N, = 100, M = 1.

Table 1 and 2 show the results of estimating gallery sizes
of 100, 500, and 1005, just using a gallery size of 100 to
make the estimation. The galleries of 100 and 500 where
chosen randomly from the set of 1005. The estimates of the
larger gallery sizes are very close to the actual calculated
ones, which demonstrate the ability of our model to estimate
recognition performance.

Table 3 uses a different set of 100 and 500 individuals
than Table 2 (for the same Technique). The difference in the
actual calculated recognition performance simply illustrates
that recognition performance for a technique is a random
variable with a mean and variance.

5. Conclusion and Future Work

In this paper we have presented a mathematical model to
estimate recognition performance for larger galleries us-
ing similarity scores of a significantly smaller gallery. The
model doesn’t make any assumptions about the distribution
of the data. The result of experimentation shows that our
model is able to estimate recognition performance.

In future work, we would like to determine how large IV,
and N, need to be to accurately estimate a gallery of size IV,
determine what error should be expected if IV, and N, are
not large enough, and determine which parameter IV, or N,
is most important to estimating recognition performance.
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