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Can We Do Better in Unimodal Biometric Systems?
A Rank-Based Score Normalization Framework
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Abstract—Biometric systems use score normalization tech-
niques and fusion rules to improve recognition performance.
The large amount of research on score fusion for multimodal
systems raises an important question: can we utilize the avail-
able information from unimodal systems more effectively? In this
paper, we present a rank-based score normalization framework
that addresses this problem. Specifically, our approach consists
of three algorithms: 1) partition the matching scores into subsets
and normalize each subset independently; 2) utilize the gallery
versus gallery matching scores matrix (i.e., gallery-based infor-
mation); and 3) dynamically augment the gallery in an online
fashion. We invoke the theory of stochastic dominance along
with results of prior research to demonstrate when and why
our approach yields increased performance. Our framework:
1) can be used in conjunction with any score normalization
technique and any fusion rule; 2) is amenable to parallel pro-
gramming; and 3) is suitable for both verification and open-set
identification. To assess the performance of our framework, we
use the UHDB11 and FRGC v2 face datasets. Specifically, the
statistical hypothesis tests performed illustrate that the perfor-
mance of our framework improves as we increase the number of
samples per subject. Furthermore, the corresponding statistical
analysis demonstrates that increased separation between match
and nonmatch scores is obtained for each probe. Besides the ben-
efits and limitations highlighted by our experimental evaluation,
results under optimal and pessimal conditions are also presented
to offer better insights.

Index Terms—Fusion, open-set identification, score normaliza-
tion, unimodal biometric systems, verification.

I. INTRODUCTION

IN THIS paper, we focus on score normalization for veri-
fication and open-set identification for unimodal biometric

systems. Verification is the task of comparing a probe against
one or more previously enrolled samples to confirm a sub-
ject’s claimed identity. Open-set identification is a two-step
process: 1) determine whether a probe is part of the gallery,
and if it is and 2) return the corresponding identity. The
most common approach is to select the maximum matching
score obtained for a given probe and compare it against a
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threshold. In other words, we compare the probe against the
gallery subject that appears to be the most similar to it. As
a result, the open-set identification problem can be viewed
as a hard verification problem. A more detailed discussion
concerning this standpoint is provided by Fortuna et al. [1].
The performance of biometric systems is usually degraded by a
number of variations during data acquisition. For example, dif-
ferences in pose, illumination, and other conditions may occur.
Consequently, each time that a different probe is compared
against a given gallery the matching scores obtained follow
a different distribution. One of the most efficient ways to
address this problem is score normalization. Such techniques
map scores to a common domain where they are directly
comparable. As a result, a global threshold may be found
and adjusted to the desired value. Score normalization tech-
niques are also very useful when fusing scores in multimodal
systems. Specifically, classifiers from different modalities pro-
duce heterogeneous score distributions. Normalizing scores
before fusing them is thus crucial for the performance of
the system [2]. Even though this paper does not focus on
multimodal systems the relevant results of prior research are
useful in understanding the intuition behind the proposed
framework.

For the rest of this paper we consider the following scenarios
unless otherwise indicated: 1) the gallery comprises multiple
samples per subject from a single modality and 2) the gallery
comprises a single sample per subject from different modali-
ties. We refer to the former scenario as unimodal and to the
latter as multimodal. The fusion of scores in the unimodal
scenario is an instance of the more general problem of fusing
scores in the multimodal scenario [3]. To distinguish between
the two we say that we integrate scores for the former, while
we combine scores for the latter. A search in Google Scholar
returns 369 papers that include the terms biometric and fusion
in their title and 17 papers that include the terms biometric
and score normalization (eight of which refer to multimodal
scenarios). The question that arises is whether there is space
for improved score normalization for unimodal biometric
systems.

In this paper, we present a rank-based score
normalization (RBSN) framework that consists of three
algorithms, each of which is innovative in a different way.
The first algorithm partitions a set of scores into subsets,
when multiple samples per subject are available, and then
normalizes the scores of each subset independently. The
normalized scores may be integrated using any suitable rule.
We invoke the theory of stochastic dominance to illustrate
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that our rank-based approach imposes the subsets’ score
distributions to be ordered as if each subset was obtained by
a different modality. Therefore, by normalizing the scores
of each subset individually, the corresponding distributions
become homogeneous and the performance increases. The
second algorithm utilizes the gallery-based information to
normalize scores in a gallery-specific manner when the
system is confident concerning the probe’s estimated identity.
The normalized scores obtained are combined with the
output of the first algorithm. Finally, the third algorithm
dynamically augments the gallery in an online fashion. That
is, the system incorporates probes to the gallery when a
confidence level about their estimated identity has been
reached. Parts of this research have been presented in [4].
However, in this paper: 1) the second algorithm always uti-
lized the gallery-based information and 2) the gallery-based
information was augmented without incorporating probes
to the gallery. As a result, the framework did not have a
mechanism to deal with incorrect identity estimates and it
was only applicable to multisample galleries. The proposed
version of our framework addresses these problems. In this
paper, we also pose questions about uninvestigated problems
up to this date and suggest relevant directions for future
research. In addition to the proposed extensions we provide
better insights and a more detailed experimental evaluation.
Specifically, we use the FRGC v2 [5], [6] and UHDB11
face databases [7] that provide more matching scores and
a greater variability during the data acquisition conditions,
respectively. In addition, we employ the Z-score, MAD, and
W-score [8] normalization techniques in conjunction with the
max and sum fusion rules. Moreover, we present comparative
results between the proposed extensions of this paper and the
algorithms present in our previous work along with results
under optimal and pessimal conditions. The purpose of this
paper is not to evaluate combination or integration rules nor
to assess score normalization techniques. Instead, we present
an approach that has the potential to increase the performance
of unimodal biometric systems.

The rest of this paper is organized as follows. Section II
reviews score normalization techniques and fusion rules.
Section III provides an overview of the stochastic dominance
theory and describes the proposed algorithms. Section IV
presents the experimental results. Section V provides a dis-
cussion about possible directions for future research and
Section VI concludes this paper with an overview of our
findings.

II. RELATED WORK

In this section, we focus on the advantages and limitations
of the methods used in our experiments. This is due to the fact
that our framework can be implemented in conjunction with
any score normalization technique and any fusion rule.

A. Fusion Rules

Kittler et al. [9] have studied the statistical background of
fusion rules. Such rules address the general problem of fus-
ing evidence from multiple measurements. Hence, they can be

used to both integrate and combine scores [3]. Kittler et al. [9]
refer exclusively to likelihood values. Nevertheless, such rules
are often applied to scores even if there is not a clear statistical
justification for this case. In this paper, we have used the sum
and max rules. The former is implemented by a simple addi-
tion under the assumption of equal priors. Even though this
rule makes restrictive assumptions it appears to yield good
performance as demonstrated in [2] and [9]. The latter makes
less restrictive assumptions and it is also very simple to imple-
ment. Specifically, the output of this rule is defined to be the
maximum score obtained.

B. Score Normalization Techniques

Score normalization techniques: 1) accommodate for vari-
ations between different biometric samples (e.g., probes) and
2) make score distributions from multimodal biometric sys-
tems homogeneous before combining them. A comprehensive
study of such approaches is offered by Jain et al. [2].

1) Z-score: Due to its simplicity and good performance
it is one of the most widely used and well examined tech-
niques. In particular, it is expected to perform well when the
location and scale parameters of the score distribution can be
approximated sufficiently well by the mean and standard devi-
ation estimates. For Gaussian scores this approach can retain
the shape of the distribution. The most notable limitations of
Z-score are: 1) it cannot guarantee a common numerical range
for the normalized scores and 2) it is not robust because the
mean and standard deviation estimates are sensitive to outliers.

2) Median and Median Absolute Deviation (MAD): This
method replaces the mean and standard deviation estimates
in the Z-score formula with the median value and the MAD,
respectively. Therefore, it addresses the problem of robustness
attributed to outliers. However, it is not optimal for scores that
follow a Gaussian distribution.

3) W-Score: Scheirer et al. [8] proposed a score normal-
ization technique that models the tail of the nonmatch scores.
The greatest advantage of this approach is that it does not
make any assumptions concerning the score distribution. Also,
it appears to be robust and yields good performance. However,
the user must specify the number of scores to be selected for
fitting. While in most cases it is sufficient to select as few as
five scores, we have observed that selecting a small number
of scores yields discretized normalized scores. Consequently,
it is not possible to assess the performance of the system in
low false acceptance rates or false alarm rates (FAR). On the
other hand, selecting too many scores may violate the assump-
tions required to invoke the extreme value theorem. Another
limitation of W-score is that it cannot be applied to multi-
sample galleries unless an integration rule is first employed.
As a result, it is not possible to obtain normalized scores for
each sample independently. As it will be demonstrated, the
proposed framework addresses this problem and extends the
use of W-score to multisample galleries.

III. RBSN FRAMEWORK

In this section, we first review the theory of stochastic domi-
nance, which is an important part of the theoretical background
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Fig. 1. Overview of the proposed framework (color figure). The notation
S(X1, pi) is used to denote the score obtained by comparing a probe pi to the
biometric sample 1 of a gallery subject labeled X.

of our approach. Then, we describe the three algorithms that
comprise the RBSN. Since each algorithm builds on top of
the other we begin from the most general case and build our
way to the most restricted one. At the end of each subsection
we provide a brief discussion with our insights and imple-
mentation details. An overview of the proposed algorithms is
presented in Fig. 1.

A. Stochastic Dominance Theory

In this section, we present basic concepts of the stochastic
dominance theory which is used to cover theoretical aspects of
the proposed framework. The theory of stochastic dominance
falls within the domain of decision theory and therefore it is
widely used in finance.

Definition 1: The notation X �FSD Y denotes that X first
order stochastically dominates Y , that is

Pr{X > z} ≥ Pr{Y > z}, ∀z. (1)

Algorithm 1 RBSN

1: procedure RBSN(Sp = ⋃
i{Sp

i }, f )
Step 1: Partition Sp into subsets

2: Cr = {∅},∀r
3: for r = 1: maxi{|Sp

i |} do
4: for all iεI do
5: Cr = Cr

⋃
Sp

i,r
6: end for
7: end for � (i.e., Cr = ⋃

i Sp
i,r)

Step 2: Normalize each subset Cr

8: Sp,N = {∅}
9: for r = 1: maxi{|Sp

i |} do
10: Sp,N = Sp,N ⋃

f (Cr)

11: end for
12: return Sp,N

13: end procedure

As implied by this definition the corresponding distributions
will be ordered. This fact becomes more clear by the following
lemma (its proof may be found in [10]).

Lemma 1: Let X and Y be any two random variables, then

X �FSD Y ⇒ E[X] ≥ E[Y]. (2)

An illustrative example of first order stochastic domi-
nance is depicted in Fig. 1 of Wolfstetter et al. [10], where
F̄(z) �FSD Ḡ(z). Note that the first order stochastic dominance
relationship implies all higher orders [11]. In addition, this
relation is known to be transitive as implicitly illustrated by
Birnbaum et al. [12]. Finally, the first order stochastic domi-
nance may also be viewed as the stochastic ordering of random
variables.

1) Key Remarks: Score normalization techniques are used
to make score distributions of different probes and different
modalities homogeneous. In Section III-B, we invoke the the-
ory of stochastic dominance to illustrate that a rank-based
partitioning of the scores obtained for a single probe yields
subsets with ordered score distributions. Therefore, by nor-
malizing the scores of each resulting subset the corresponding
score distributions become homogeneous and the separation
between match and nonmatch scores increases on a per probe
basis.

B. RBSN

In this section, we present the RBSN that partitions a set
of scores into subsets and then normalizes the scores of each
subset independently. This algorithm can be employed under
this assumption that multiple biometric samples per subject
are available. An overview is provided in Algorithm 1 below.
The notation to be used throughout this paper is as follows.

Sp The set of matching scores obtained for a given probe
p when compared with a given gallery.

Sp
i The set of matching scores that correspond to the

gallery subject with identity = i, Sp
i ⊆ Sp.

Sp
i,r The ranked-r score of Sp

i.
Sp,N The set of normalized scores for a given probe p.
Cr The rank-r subset,

⋃
r Cr = Sp.
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Fig. 2. Each curve depicts the probability density estimate corresponding to
a Cr subset. Each subset Cr was constructed by the step 1 of RBSN using
the set Sp for a random probe p.

|d| The cardinality of a set d.
I The set of unique gallery identities.
f A given score normalization technique.
1) Step 1—Partition Sp Into Subsets: The main goal is to

partition the set of scores Sp into subsets Cr. The symbol Sp
i

denotes the set of scores that correspond to the gallery subject
with identity equal to i. Each subset Cr is formed by selecting
the rank-r score from each set Sp

i . This procedure is repeated
until all scores in Sp have been assigned to a subset Cr. Each
curve in Fig. 2 depicts the probability density estimate that
corresponds to a subset Cr obtained from step 1 of RBSN.

We now demonstrate that the rank-based construction of the
subsets Cr imposes the densities in Fig. 2 to be ordered. By
construction we have that

Sp
x,i ≥ Sp

x,j,∀i ≤ j and ∀x. (3)

Let Xi and Xj be the variables that correspond to Sp
x,i

and Sp
x,j (i.e., Ci and Cj), respectively. As demonstrated by

Hadar and Russell [13], this condition is sufficient to conclude
that Xi �FSD Xj. Given the relevant results from Section III-A
it is clear that the densities PXi and PXj are ordered if i 
= j.
The subsets can be defined in other ways (e.g., ranking
by illumination or pose). However, they might not always
yield ordered densities. To illustrate this, we parsed UHDB11
for relevant counter-examples. When the probe 94001d110
(i.e., ID: 94001, illumination: 1, and pose: 10) is
matched with the gallery the similarity scores produced for
94004d11 (i.e., same illumination and different pose) and
94004d25 (i.e., different illumination and different pose) are
0.164 and 0.172, respectively. When the probe 94001d12 is
matched with the gallery the similarity scores produced for
94002d32 (i.e., same pose and different illumination) and
94001d412 (i.e., different pose and different illumination)
are 0.030 and 0.144, respectively. Hence, ranking the scores
based on illumination or pose does not guarantee ordered
densities.

2) Step 2—Normalize Each Subset Cr: The set Sp,N is ini-
tially empty and it is gradually updated by adding normalized
scores to it. Specifically, the scores for a given subset Cr are
normalized independently of the other subsets and then added
to Sp,N . This procedure is repeated until the scores of all the
subsets Cr have been normalized and added to Sp,N .

a) Key remarks: First, we elaborate on when and why
RBSN yields increased performance. Under the multimodal
scenario a set of scores is obtained from each modality. Since
each set is obtained by a different classifier the correspond-
ing score distributions are heterogeneous. Therefore, a score
normalization step that maps the scores for each set into a com-
mon domain is usually employed. Then, the normalized scores
are combined to increase the system’s performance [2], [3].
The obtained subsets from step 1 include by construction at
most one score per gallery subject and their distributions are
also ordered. Using exactly the same arguments made in pre-
vious works for the multimodal case it is expected that our
approach results in increased performance. After all, since
we do not normalize scores from different modalities together
there is no good reason to do so under the unimodal scenario.
In particular, the main strength of our approach compared
to the raw implementation of score normalization techniques
is that it utilizes more information on a per probe basis.
Consequently, it is expected to primarily increase the sepa-
ration between match and nonmatch scores for each probe
independently. However, as in the case of multimodal systems,
an improved overall performance cannot always be guaranteed
when our framework is employed. For instance, increased sep-
aration between the match and nonmatch scores for a single
probe (i.e., better rank-1 accuracy) might come at the cost
of a decreased separation between the match and nonmatch
scores across probes and vice versa. An important limitation
of our rank-based approach is that we cannot make any infer-
ences concerning the score distributions of the subsets Cr.
Even if the set of scores for a given probe is known to fol-
low a certain distribution the resulting subsets might follow a
different, unknown distribution. Nevertheless, our experiments
indicate that RBSN yields increased performance in practice.
Moreover, the use of the nonparametric W-score normaliza-
tion is now feasible as the constructed subsets Cr include at
most one score per subject.

b) Implementation details: Score ties can be broken arbi-
trarily when computing the corresponding ranks since they do
not affect the final outcome. Both ranking the scores for each
gallery subject and normalizing the scores of each subset Cr

can be implemented in parallel. Galleries with different num-
bers of samples per subject result in subsets with different
numbers of elements (see Fig. 1). Consequently, it is possible
to obtain a subset which has few elements and thus score nor-
malization should not be applied. This is likely to happen for
low rank subsets. In such cases, we may substitute such scores
in many ways (e.g., use the corresponding normalized score we
would obtain if RBSN was not used). In this paper, we replace
such scores with not a number (NaN) and we do not consider
them at a decision level. Finally, sometimes it is better to first
integrate scores before we normalize them and vice versa. The
intuition behind this is that in some cases the integrated scores
are of a better quality and thus the score normalization can be
more effective. By integrating the scores, though, we might
reduce and degrade the quality of the available information.
In such cases, it is usually better to normalize the scores before
we integrate them. In summary, the final performance depends
on a combination of factors such as the quality of the scores
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Algorithm 2 GRBSN

1: procedure GRBSN(G, Sp = ⋃
i{Sp

i }, f , h, t)
2: if max(h(RBSN(Sp, f ))) ≥ t then

Case 1: Probe is part of the Gallery
Step 1.1: Augment G

3: {g.,n+1} = Sp � n → n + 1
Step 1.2: Normalize the Augmented G

4: Associate the nth column of G with the gallery
identity that corresponds to the Rank-1 score of
h(RBSN(Sp, f ))

5: for i = 1:|g.,1| do
6: {gi,.} = RBSN(gi,., f )
7: end for

Step 1.3: Compute Sp,N

8: Sp,N = h(RBSN(Sp, f ), g.,n)

9: else
Case 2: Probe is not part of the Gallery
Step 2.1: Compute Sp,N

10: Sp,N = RBSN(Sp, f )
11: end if
12: return Sp,N

13: end procedure

at hand, the score normalization method, the fusion rule, and
the order in which they are applied. However, there is not
an analytical rule that indicates in which cases it is better
to integrate scores before we normalize them or vice versa.
Since our framework utilizes information from multiple sam-
ples per subject we always normalize the scores first and then
integrate them.

C. RBSN Aided by Gallery-Based Information

In this section, we present the Rank-Based Score
Normalization aided by Gallery-Based Information (GRBSN)
that utilizes the gallery versus gallery matching scores. In par-
ticular, we compare the gallery with itself and organize the
obtained scores using a symmetric matrix G. Each element
gi,j corresponds to the matching score obtained by comparing
the ith and jth samples of the gallery. We summarize the pro-
posed approach in Algorithm 2 below. The additional notation
to be used is as follows.

G The gallery versus gallery matching scores matrix.
gi,j The matching score obtained by comparing the ith

and the jth elements of the gallery, gi,j ∈ G.
n The number of columns in G.
Sp,N The set of normalized scores Sp.
h A given integration rule.
t A given threshold.
By construction there is a correspondence between G and

Sp. That is, the ith row/column of G refers to the same gallery
sample as the ith score of Sp.

1) Case 1—Probe is Part of the Gallery: The RBSN
algorithm is employed to normalize the scores by using
a given score normalization technique f . Then, an integra-
tion rule h is applied to the obtained normalized scores.
If the maximum score is above a given threshold t

(i.e., max(h(RBSN(Sp, f ))) ≥ t) the probe is believed to be
part of the gallery set.

1) Step 1.1—Augment G: One more column is added to G
that comprises the scores in Sp.

2) Step 1.2—Normalize the Augmented G: Each row of the
augmented matrix G is treated independently and nor-
malized using RBSN. The probe p is unlabeled and thus
the last score of each row of G is not associated with
any identity. To address this problem, the rank-1 score
of h(RBSN(Sp, f )) is used to label the scores of the last
column of the augmented matrix G. Normalizing each
row of G using RBSN is thus feasible and the row-wise
normalized matrix G is obtained.

3) Step 1.3—Compute Sp,N: The last column of the aug-
mented matrix G contains the gallery-specific nor-
malized scores that correspond to the probe p. The
RBSN(Sp, f ) corresponds to the probe-specific normal-
ized scores for the same probe p. Hence, the two vectors
are combined using the relevant rule h.

2) Case 2—Probe is Not Part of the Gallery: If the maxi-
mum score obtained from h(RBSN(Sp, f )) is not higher than
the given threshold t the probe is not believed to be part of the
gallery. Consequently, the gallery-based information cannot be
utilized using RBSN.

1) Step 2.1—Compute Sp,N: The gallery-based information
is not used and the scores are normalized by employing
the RBSN algorithm.

a) Key remarks: We now detail why GRBSN is expected
to produce better normalized scores. Each score in Sp is nor-
malized in relation to: 1) scores in SP and 2) scores contained
in each row of G (see Fig. 1). Thus, we obtain both probe-
and gallery- specific normalized scores utilizing each time a
different source of information. Combining the two scores is
reasonable as such rules are suitable when combining evidence
for multiple measurements [3]. The combined scores may be
integrated using any integration rule as usual.

b) Implementation details: The implementation pre-
sented in Algorithm 2 and Fig. 1 increases the readability
of this paper and helps the reader understand the proposed
approach. In practice an optimized version may be employed
to speed up the processing time. For example, each time
that RBSN is applied in step 1.2 only the subset Cr that
corresponds to the score of the last column of G needs to
be normalized. Moreover, the normalization of each row of
the augmented matrix G in step 1.2 can be implemented in
parallel and thus GRBSN can scale up well. A major limita-
tion of this method, though, is the estimation of the probe’s
identity (i.e., step 1.2). We can overcome this problem by
ignoring the identity estimation (i.e., lines 2, 4, 9, and 10).
That is, the gallery-based information is still utilized by nor-
malizing the scores using the normalization technique f but
without implementing RBSN in: 1) step 1.2, or 2) steps 1.2
and 1.3. The former approach might produce normalized
scores which are not homogeneous and thus induce noise.
This heteroskedasticity is attributed to the fact that the gallery-
specific scores are normalized in sets of size n + 1. The
probe-specific scores, on the other hand, are partitioned and
normalized in sets of size |I| or smaller. Consequently, there
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Algorithm 3 ORBSN
1: procedure ORBSN(G, G, S = ⋃

p{Sp}, f , h, t)
2: for all p = 1:|P| do

Step 1: Apply GRBSN
3: Sp,N= GRBSN(G, Sp, f , h, t)

Step 2: Augment G and Re-compute G
4: if max(h(Sp,N)) ≥ t then
5: G = G

⋃
p � incorporate probe p

6: Recompute the gallery versus gallery similar-
ity scores using the augmented gallery set G

7: end if
8: end for
9: return [SN = ⋃

p{Sp,N}, G]
10: end procedure

is a mismatch in the amount of information used in the two
cases. The latter approach is expected to produce normalized
scores of a lower quality since we do not utilize the benefits
of RBSN. For these reasons, we adopt the implementation
described in Algorithm 2 that both utilizes the benefits of
RBSN and normalizes scores organized in subsets of simi-
lar sizes. The threshold value of Algorithm 2 can be selected
based on prior information. A high threshold will contribute
to robust estimates by GRBSN because the identity estima-
tion will be correct in most cases. However, the improvements
over RBSN might not be significant due to the small number
of cases that the gallery-based information is actually uti-
lized. Using a low threshold oh the other hand might assign
incorrect identities to some probes, which would induce noise
and degrade the system’s performance. An analytical rule that
provides a good trade-off cannot be found since the final per-
formance depends on the data at hand along with the score
normalization and fusion techniques employed.

D. Online RBSN

In this section, we build upon the GRBSN algorithm and
present an online version of the proposed framework. This
approach uses information from probes that have already been
submitted to the system to dynamically augment the gallery.
We provide an overview of the Online RBSN (ORBSN) in
Algorithm 3 below. As in Section III-C, we utilize the gallery
versus gallery matching scores. The additional notation to be
used is as follows.

G The set of biometric samples in the gallery.
P The set of probes presented to the system.
S The set of scores for all probes,

⋃
p Sp = S.

SN The set of normalized scores S.
t A given threshold.
1) Step 1—Apply GRBSN: In this step, GRBSN is applied

using the corresponding inputs.
2) Step 2—Augment G and Recompute G: If the probe

is believed to be part of the gallery by some rule
(e.g., max(h(Sp,N)) ≥ t) p is incorporated to G. Based on the
new set of biometric samples in G the matrix G is updated by
recomputing the gallery versus gallery matching scores. When
a new probe is submitted to the system it will be compared
with the augmented gallery G.

a) Key remarks: The intuition of ORBSN is very similar
to the idea presented in Section III-C in the sense that we apply
both probe- and gallery- specific normalization. When the sys-
tem is confident concerning the identity of a submitted probe
the corresponding biometric sample is incorporated into the
gallery. As a result, the available information is updated in two
ways: 1) new probes are compared with an augmented gallery
and 2) the gallery-based information utilized by GRBSN is
enhanced. Hence, the proposed framework may be applied to
single-sample galleries as previously submitted probes may be
used to increase the number of samples per gallery subject.

b) Implementation details: An implicit assumption of
ORBSN is that some of the submitted probes will be part
of the gallery because otherwise G would never be updated.
In addition, each time the gallery is updated, the next sub-
mitted probe must be compared with an additional biometric
sample. Even worse, each row of G now contains an extra
score to be considered when the gallery-specific normaliza-
tion is employed. This increases the computational complexity
of the system. One possible solution to this problem would
be to impose an upper bound on the number of samples per
gallery subject. Moreover, a rule concerning the most infor-
mative subset of biometric samples per gallery subject could
be used to determine which samples should be retained in G.
However, a general solution to this problem does not currently
exist. On the bright side G does not have to be recomputed
at each iteration since the matching scores have already been
computed. Finally, even though ORBSN and GRBSN share
many characteristics, different thresholds could be used in
steps 1 and 2. Intuitively, the threshold used to augment G

should have a higher value since any mistakes are going to be
propagated.

IV. EXPERIMENTAL EVALUATION

In this section, we present the: 1) datasets; 2) evaluation
measures; 3) general implementation details; and 4) experi-
mental results.

A. Databases

1) UHDB11: The data in UHDB11 [7] have been acquired
from 23 subjects under six illumination conditions. For each
illumination condition the subject was asked to face four dif-
ferent points inside the room. This generated rotations on the
y-axis. For each rotation on y, three images were also acquired
with rotations on the z-axis (assuming that the z-axis goes
from the back of the head to the nose and that the y-axis is
the vertical axis through the subject’s head). Images under six
illumination conditions, four y rotations, and three z rotations
per subject were acquired. In total, 72 pose/light variations
per subject are available for 23 subjects. Hence, as many as
2 742 336 pairwise comparisons can be formed. Each sam-
ple consists of both a 2-D image (captured using a Canon
DSLR camera) and a 3-D mesh (captured by 3dMD 2-pod
optical 3-D system). The scores used in the experiments for
UHDB11 were provided by Toderici et al. [14].

2) FRGC v2: This database consists of 4007 biomet-
ric samples obtained from 466 subjects under different
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facial expressions. The method of Ocegueda et al. [15] was
employed to extract signatures from the 3-D meshes. The
Bosphorus database [16] was used as a training set because
according to the original paper it yields the best perfor-
mance when a single training set is used. To compute the
Euclidean distance for the 16 056 049 pairwise combinations
of the available samples, 27 basis function were used. Finally,
the obtained distances were transformed into scores by using
the formula score = max(distance) − distance. This way, the
scaling of the score distribution was not altered and all the
scores lie in the interval [0, max(distance)]. Even though this
database provides numerous scores for experimental evalua-
tion it consists of 3-D data. Consequently, distortions such as
pose and lighting conditions do not affect the performance of
the system and the score distributions are in general homo-
geneous. This is evident by the high performance reported in
the original paper using raw scores (i.e., verification rate (VR)
greater than 97% at a FAR of 10−3 for the experiments 1–3).

B. Performance Measures

To provide an overview of the system’s performance for
the open-set identification task the osi-ROC is used that
compares the detection and identification rate (DIR) against
the FAR [17]. For the same task the open-set identifica-
tion error (OSI-E) is also used. That is, the rate at which
the max score for a probe corresponds to an incorrect iden-
tity given that the subject depicted in the probe is part of
the gallery [1]. In particular, the OSI-E is inversely propor-
tional to the percentage of correct classifications based on the
rank-1 scores for probes in the gallery, a metric that is usu-
ally reported for the closed-set identification task. To assess
the verification performance and the separation of match and
nonmatch scores, the receiver operating characteristic (ROC)
that compares VR against the FAR is used. Different methods
result in FARs with different ranges. Hence, quantities such
as area under the curve (AUC) and max-DIR are not directly
comparable. Therefore, a common FAR range is selected by
setting the universal lower and upper bound to be equal to the
infimum and supremum, respectively. That is, the universal
upper bound is defined to be the minimum of the maximum
FAR values obtained for a set of curves to be compared.
This FAR adjustment is performed per recognition task (i.e.,
open-set identification and verification) and per integration
rule (i.e., sum and max) for each experiment. Finally, �AUC
denotes the relative improvement of the raw scores perfor-
mance (e.g., �AUC = (AUCRBSN − AUCraw)/AUCraw).

C. General Implementation Details

For the verification task it is assumed that each probe is
compared to all the gallery subjects, one at a time. It is fur-
ther assumed that the rest of the subjects may be used as cohort
information. Although the experimental protocol employed is
an unlikely scenario it provides rich information for evaluating
the performance of the proposed framework under a verifi-
cation setting. The W-score normalization was implemented
by selecting five scores each time to fit a Weibull distribu-
tion. This number of scores has been empirically found to

be sufficient [8]. However, using five scores for fitting some-
times yields discretized normalized scores. Results for which
the corresponding FAR range is less than 10−1 are omitted.
In addition, W-score is not directly applicable to multisam-
ple galleries and thus the corresponding results are omitted as
well. Subsets Cr that included fewer than ten scores and/or had
a standard deviation less than 10−5 were not normalized. The
reason is that in such cases the available information is not
rich enough. The corresponding values were replaced by NaN.
The notation RBSN:Z-score is used to indicate that Z-score
normalization has been used as an input to Algorithm 1.
For GRBSN and ORBSN results are reported based on:
1) optimal identity estimation (i.e., GRBSN:Z-scoreo); 2) pes-
simal identity estimation (i.e., GRBSN:Z-scorep); 3) thresh-
old ti (i.e., GRBSN:Z-scoreti); and 4) our previous work
(i.e., GRBSN:Z-scoreb). To specify the threshold values ti the
matrix G was used. That is, G was normalized using RBSN.
The value that results in the minimum nonzero FAR under
an open-set identification task was used as the first threshold
(i.e., t1). The second threshold t2 was defined as the value
that yields an FAR value 100 times higher than the minimum
nonzero FAR which was used for computing t1. The user may
employ different fusion rules at different steps of GRBSN and
ORBSN. In our experience, the max rule yields better rank-1
classification, while the sum rule results in less discretized
scores, which is better when the point of interest is the separa-
tion of the match and nonmatch scores. Therefore, the max rule
was used when needed to estimate the probe’s identity and the
sum rule to combine scores in the corresponding algorithms.
For the integration task results are provided for both rules
as indicated in the corresponding tables. To assess the per-
formance of ORBSN a leave-one-out approach was adopted.
Each time it is assumed that |P| − 1 probes have been sub-
mitted to the system and a decision needs to be made for the
remaining one. The system uses a threshold to select a subset
of the |P| − 1 probes for which it is confident concerning the
estimated identity. Then, the corresponding samples are incor-
porated into the gallery G and ORBSN is implemented as in
Algorithm 3. While this approach does not track the improve-
ment over time it provides deterministic results and avoids
randomization errors (i.e., ordering of the submitted probes).
The matrix G contains only units in the diagonal. These values
were replaced by NaN to avoid distortions when estimating the
necessary parameters (e.g., mean value in Z-score).

D. Experimental Results

1) Experiment 1: The objectives of this experiment are to
assess: 1) the performance of RBSN for the open-set iden-
tification and verification tasks; 2) the effect of RBSN on
the match and nonmatch scores separation on a per probe
basis; and 3) the effect of different illumination conditions.
For UHDB11 six samples per subject were used to form
the gallery, one for each illumination condition. As a result,
random effects between the gallery subjects due to lighting
conditions were eliminated. Five, six, and ten match scores are
reported in [18]–[20], respectively. The gallery for this experi-
ment comprises 138 samples and the remaining 1486 samples
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TABLE I
SUMMARY OF THE RESULTS FROM EXPERIMENT 1. THE OSI-E AND MAX-DIR REFER TO ABSOLUTE VALUES, WHERE FOR THE LATTER THE

MAXIMUM DIR PERFORMANCE IS REPORTED. THE OSI-�AUC AND VR-�AUC REFER TO THE RELATIVE IMPROVEMENT OF THE

RAW SCORES PERFORMANCE, WHILE THE SUM AND MAX RULES REFER TO THE INTEGRATION METHOD EMPLOYED.
THE RELATIVE EXPERIMENTAL PROTOCOL IS DESCRIBED IN SECTION IV

are used as probes. Even though this design yields a closed-set
problem, reporting results for the open-set identification task
remains relevant. The reason is that the overlap of the match
and nonmatch score distributions for open-set identification is
higher compared to that obtained for verification [1]. To form
the gallery for FRGC v2 1893 samples from 350 subjects were
randomly selected. The remaining 2114 samples obtained from
302 subjects were used as probes. This experimental protocol
yields an open-set problem. The results are summarized in
Table I and selected results are depicted in Fig. 3. For the
more general AUC indexes, RBSN appears to increase the
performance in 9/16 cases. For the more specific OSI-E and
max-DIR measures, RBSN appears to yield increased perfor-
mance in 7/15 cases. In summary, no general conclusions can
be drawn about whether RBSN increases the overall perfor-
mance or not. The performance of RBSN appears to yield
better results for FRGC v2 compared to UHDB1. One possi-
ble explanation is that the number of scores per subset Cr is
about 23 for UHDB11 and 350 for FRGC v2. Therefore, parti-
tioning the scores for UHDB11 results in small subsets which
are sensitive to noise. Finally, the �AUC values for FRGC v2
are always below 100 which means that the score normal-
ization degrades the performance of the raw scores. This is
due to the fact that the biometric samples are all 3-D and
thus distortion-free. A more detailed analysis is provided in
experiment 4.

To investigate whether RBSN increases the separation of
the match and nonmatch scores for a given probe we per-
formed statistical hypothesis testing. In particular, for each

Fig. 3. Depicted are the ROC curves of experiment 1 for UHDB11 when
the sum rule is used to integrate the scores for: 1) raw scores; 2) Z-score;
3) RBSN:Z-score; 4) W-score; 5) MAD; and 6) RBSN:MAD.

probe the ROC curves and the corresponding AUCs were
computed. The AUC values were used to perform nonpara-
metric Wilcoxon signed-rank tests [21]. The null hypothesis
was set to H0: the RBSN and raw median AUCs are equal,
and the alternative to Ha: the RBSN median AUC is larger
than the raw median AUC. The Bonferonni correction was
used to ensure that the overall statistical significance level
(i.e., α = 5%) is not overestimated due to the multiple tests
performed. That is, the statistical significance of each indi-
vidual test was set to α/m, where m is the number of tests
performed. The obtained p-values for UHDB11 are: 1) Z-score
versus raw scores: 1; 2) RBSN:Z-score versus Z-score: 6.8 ·
10−240; 3) RBSN:W-score versus raw scores: 9.5 · 10−240;
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Fig. 4. Depicted are the boxplots for: 1) raw scores; 2) Z-score; and
3) RBSN:Z-score, when one, three, and five samples per gallery subject are
randomly selected from UHDB11.

4) MAD versus raw scores: 1; and 5) RBSN:MAD versus
MAD: 4.8 · 10−240. The corresponding p-values for FRGC v2
are: 1) Z-score versus raw scores: 1; 2) RBSN:Z-score ver-
sus Z-score: 2.8 · 10−36; 3) RBSN:W-score versus raw scores:
2.1 ·10−21; 4) MAD versus raw scores: 1; and 5) RBSN:MAD
versus MAD: 8.1 · 10−31. The test W-score versus raw scores
cannot be performed because W-score is not applicable to mul-
tisample galleries. These results indicate that the separation
of match and nonmatch scores for each probe significantly
increases when RBSN is used (i.e., H0 is rejected). However,
this is not the case for Z-score or MAD, which are linear
transformations and yield identical AUC values to the raw
scores. As pointed out in Section III, while the separation of
the match and nonmatch scores for each probe significantly
improves when RBSN is employed it does not always imply
a better performance overall.

To systematically assess the effects of different illumina-
tion conditions the UHDB11 database was used. In particular,
one gallery sample was selected at a time obtained under
the same illumination conditions. Then, the performance of
the corresponding raw scores was computed. For each of the
evaluation measures the illumination condition that resulted
in the best performance across probes was retained. The cor-
responding results are presented in Table I for the method
denoted by best illumination (i.e., BI). For the OSI-E and
max-DIR measures, BI is compared to Z-score as the lat-
ter is equivalent to the raw scores performance. In all cases,
using six samples per gallery subject yields better performance
than BI. Similarly, both osi- and vr-�AUC values for BI are
below the ones obtained for the raw scores. We conclude that
using multiple samples per gallery subject under various illu-
mination conditions helps the system address the challenge
posed by different lighting conditions in the probes. However,
the RBSN score normalization utilizes the existing informa-
tion more effectively and increases the performance even
further.

2) Experiment 2: The objective of this experiment is to
assess the effect that a different number of samples per gallery
subject has on the performance of RBSN. To this end, random
subsets of one, three, and five samples per gallery subject
were selected for the protocol defined in experiment 1. For
each case the ROC curves and the corresponding AUCs were

Fig. 5. Depicted are the ROC curves of experiment 3 for UHDB11 when the
sum rule is used to integrate the scores for: 1) raw scores; 2) GRBSN:Z-scorep;
3) GRBSN:Z-scoreb; 4) GRBSN:Z-scoret2 ; 5) GRBSN:Z-scoret1 ; and
6) GRBSN:Z-scoreo.

computed. This procedure was repeated 100 times and the
obtained values for Z-score are depicted in the corresponding
boxplots in Fig. 4 for UHDB11. To statistically evaluate the
obtained results nonparametric Mann–Whitney U-tests were
performed [21]. Specifically, the null hypothesis is H0: the
median AUCs are equal when three and five samples are used,
and the alternative Ha: the median AUC for five samples is
larger than the median AUC for three samples. The obtained
p-values for UHDB11 are: 1) raw scores: 0.9; 2) Z-score: 0.8;
3) RBSN:Z-score: 1.3 · 10−34; 4) RBSN:W-score: 1.3 · 10−34;
5) MAD: 0.14; and 6) RBSN:MAD: 1.3 ·10−34. The obtained
p-values for FRGC v2 are: 1) raw scores: 1; 2) Z-score:
0.5; 3) RBSN:Z-score: 0.3; 4) RBSN:W-score: 0.3; 5) MAD:
0.9; and 6) RBSN:MAD: 0.6. For UHDB11 H0 is rejected
when RBSN is employed and the minimum possible p-value
is obtained. For FRGC v2 H0 is not rejected in any case.
However, the smallest p-values are obtained for RBSN. In
summary, the statistical analysis suggests that score normal-
ization methods benefit more from an increase in the number
of samples per gallery subject if they are used in conjunction
with RBSN.

3) Experiment 3: The objectives of this experiment are to
assess: 1) the improvements obtained over RBSN by utilizing
gallery-based information and 2) the performance of the dif-
ferent versions of GRBSN for the open-set identification and
verification tasks. The gallery and probe sets were defined in
the same way as in experiment 1. Therefore, the results of
experiments 1 and 3 are directly comparable. An overview
of the GRBSN performance is presented in Tables II and III
and selected results are depicted in Fig. 5. For UHDB11,
discretized scores were obtained when the MAD score normal-
ization and max rule were used. Similarly, W-score produced
discretized scores for FRGC v2 for both rules. Therefore,
the relevant results are provided but they are not taken into
consideration in our analysis. For the optimal and pessimal
conditions the gallery-based information was utilized for all
probes. Across databases, the GRBSN under pessimal condi-
tions outperforms RBSN in 16/35 cases, while under optimal
conditions it outperforms RBSN in 31/35 cases. In 22/32
cases at least one of the t1 or t2 results in increased perfor-
mance compared to RBSN. This evidence suggest that utilizing
the gallery-based information can be beneficial.
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TABLE II
SUMMARY OF THE RESULTS FROM EXPERIMENT 3. THE OSI-E AND MAX-DIR REFER TO ABSOLUTE VALUES, WHERE FOR THE LATTER THE

MAXIMUM DIR PERFORMANCE IS REPORTED. THE OSI-�AUC AND VR-�AUC REFER TO THE RELATIVE IMPROVEMENT OF THE

RAW SCORES PERFORMANCE, WHILE THE SUM AND MAX RULES REFER TO THE INTEGRATION METHOD EMPLOYED.
THE RELATIVE EXPERIMENTAL PROTOCOL IS DESCRIBED IN SECTION IV

For UHDB11, t2 yields better results compared to t1 in 9/20
cases. When it comes to FRGC v2, though, t2 yields better
results compared to t1 in all cases. The reason becomes clear
when referring to Table III. The percentage of correct identity
estimates for FRGC v2 is higher for t1 but for t2 the gallery-
based information is utilized 1266 + 1118 − 64 − 180 = 2140
more times. For UHDB11 the percentage of correct identity
estimates is significantly lower for t2 and thus the addi-
tional information induces too much noise. The version of
GRBSN based on our previous work outperforms the pro-
posed approach for both thresholds 11/20 times for UHDB11

and 10/14 times for FRGC v2. This is attributed to the fact
that FRGC v2 yields better rank-1 performance than UHDB11
(see Table II). Hence, by always using the gallery-based infor-
mation the additional information benefits the system. Finally,
in 8/20 cases for UHDB11 and in 12/16 cases for FRGC v2
the performance of the system under pessimal conditions is
better compared to when the two threshold values are used.
At the same time, in 19/20 cases for UHDB11 and in 11/12
cases for FRGC v2 the performance of the system under opti-
mal conditions is significantly better compared to all the other
approaches. In summary, we conclude that while a correct
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TABLE III
THIS TABLE PROVIDES STATISTICS ABOUT THE NUMBER OF TIMES

THAT THE GALLERY-BASED INFORMATION WAS USED FOR

GRBSN WHEN THE TWO THRESHOLD VALUES WERE

EMPLOYED IN EXPERIMENT 3. INFORMATION

CONCERNING THE CORRECT NUMBER OF

IDENTITY ESTIMATES IS ALSO PROVIDED

identity estimate is important utilizing the gallery-based infor-
mation is quite robust to incorrect identity estimates. This is
supported by the good performance of the previous version of
GRBSN and the obtained results under pessimal conditions.

4) Experiment 4: The objective of this experiment is to
assess the performance of ORBSN for the open-set identi-
fication and verification tasks using a single-sample gallery.
The gallery in UHDB11 comprises both 3-D and 2-D data,
while the probes consist of 2-D data only. Hence, it is not
possible to incorporate the probes into the gallery and then
apply the same method to compute the corresponding match-
ing scores. Consequently, only the FRGC v2 could be used
for the purposes of this experiment. Specifically, a single
sample from 350 subjects was randomly selected. The remain-
ing 3657 samples obtained from the 466 subjects were used
as probes. For the pessimal and optimal scenarios the same
probes were used, but for the former incorrect identity esti-
mates were enforced. Moreover, since the matrix G of this
experiment does not produce matching scores from different
samples of the same subjects the thresholds t1 and t2 obtained
in experiment 3 were reused. Since a single-sample gallery
was available and a leave-one-out approach was adopted, the
probes to be incorporated into the gallery were selected by nor-
malizing the scores without implementing RBSN or GRBSN.
The results of this experiment are summarized in Table IV
and selected results are depicted in Fig. 6. We observe that
t2 yields better performance compared to t1 for the previous
version of ORBSN in 11/18 cases, while for the proposed
version this is true in 12/18 cases. In 12/18 cases a better
performance is obtained by the previous version of ORBSN
compared to the proposed one for at least one of the two
thresholds. By taking into consideration the increased perfor-
mance obtained for the proposed method under the optimal

Fig. 6. Depicted are the ROC curves of the experiment 4 when the
sum rule is used to integrate the scores for: 1) raw Scores; 2) Z-score;
3) ORBSN:Z-scorep; 4) ORBSN:Z-scorebt2

; 5) ORBSN:Z-scorebt1
;

6) ORBSN:Z-scoret2; 7) ORBSN:Z-scoret2; and 8) ORBSN:Z-scoreo.

Fig. 7. Each curve depicts the probability density estimate corresponding to
a Cr subset. Each subset Cr was constructed by the step 1 of RBSN using the
set Sp for a random probe under the optimal scenario defined in experiment 4.
That is, the gallery set consists of 3073 biometric samples labeled using the
ground truth. Only the first ten ranks are depicted for illustrative reasons.

scenario we conclude that this can be attributed to the fact
that the proposed version aggregates the errors. That is, incor-
rectly labeled samples are incorporated to G for the proposed
version and used when: 1) a new probe is matched against the
gallery and 2) the gallery versus gallery scores are recom-
puted. For the previous version of ORBSN, though, these
probes are only used as part of the gallery-based informa-
tion. In addition, Fig. 7 illustrates that the score distributions
of the subsets Cr appear to be homogeneous. Hence, our
framework is expected to have problems producing significant
improvements for this database since partitioning the scores
does not benefit the score normalization. On the contrary, it
uses smaller sets to compute the necessary estimates. In rela-
tion to Fig. 2, it is evident why the obtained improvements
for UHDB11 are more pronounced. Indicatively, for experi-
ment 3 the osi-�AUC under the optimal scenario is 693.03
for UHDB11, while for FRGC v2 it is 340.71. Nonetheless,
we have demonstrated that our approach has the potential to
benefit the performance of the system even in the case of
single-sample galleries and approximately distortion-free data.

5) Experiment 5: The goal of this experiment is to system-
atically evaluate the performance of the proposed method for
different poses. To this end, the UHDB11 probes were grouped
by pose and individual AUC values were computed for the ver-
ification task. To avoid redundancy, only the GRBSN:Z-scoret1
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TABLE IV
SUMMARY OF THE RESULTS FROM EXPERIMENT 4. THE OSI-E AND MAX-DIR REFER TO ABSOLUTE VALUES, WHERE FOR THE LATTER THE
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RAW SCORES PERFORMANCE, WHILE THE SUM AND MAX RULES REFER TO THE INTEGRATION METHOD EMPLOYED.
THE RELATIVE EXPERIMENTAL PROTOCOL IS DESCRIBED IN SECTION IV

performance is reported for the GRBSN algorithm. In partic-
ular, the biometric samples in UHDB11 contain four rotations
around the y-axis and three around z. The notation P1–P12
is used to denote a different combination of y and z rota-
tion. The three groups P1–P4, P5–P8, and P9–P12 correspond
to the three z rotations. Within each group the same y rota-
tions are used. Specifically, P1, P5, and P9 correspond to the
same y rotation and so forth. Finally, P1 corresponds to a
subject looking at mark on the bottom left while P12 on the
top right. A summary of the results is provided in Table V
and selected results are depicted in Fig. 8. As illustrated, one
of the RBSN or GRBSN yields increased performance com-
pared to the baselines Z-score and MAD in 19/24 cases. Even
though the differences in terms of AUC appear to be small,
examining Fig. 8 reveals that for low FAR values the VR
improvements obtained are more pronounced. Specifically, the
VR values for the lowest FAR possible are 23.88, 53.73, 65.67,
and 67.91 for the raw scores, Z-score, RBSN:Z-score, and
GRBSN:Z-scoret1 , respectively.

6) Time Complexity: We used a random probe from
FRGC v2 under the protocol defined in experiment 1 and com-
puted the time in seconds for Z-score, RBSN:Z-score and
GRBSN:Z-scoreb. The obtained values are 0.01 s, 0.13 s,
and 145.25 s, respectively. By utilizing two, four, and eight
cores for GRBSN:Z-scoreb we obtained 71.21 s, 40.70 s, and
31.90 s, respectively. In a similar manner, we computed the

Fig. 8. ROC curves of experiment 5 when the sum rule is used to
integrate the scores for: 1) raw scores; 2) Z-score; 3) RBSN:Z-score; and
4) GRBSN:Z-scorebt1

for pose P6.

time in seconds for Z-score by using a random probe from
FRGC v2 under the protocol defined in experiment 4. The
time needed to normalize the scores was 0.01 s. We provide
the corresponding results for ORBSN:Z-scoreo when utilizing
two, four, and eight cores. The obtained values are 142.44 s,
80.56 s, and 62.21 s, respectively.

V. FUTURE RESEARCH

In this section, we provide a brief discussion concern-
ing possible directions for future research. First, it is not
clear in which cases an improved separation of the match
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TABLE V
SUMMARY OF THE RESULTS FROM EXPERIMENT 5. THE RELATIVE AUC IMPROVEMENT OF THE RAW SCORES PERFORMANCE FOR THE

VERIFICATION TASK IS REPORTED WHEN THE SUM RULE IS USED TO INTEGRATE THE SCORES. THE NOTATION P1–P12
IS USED TO DENOTE THE 12 DIFFERENT POSES OF PROBES AVAILABLE FOR UHDB11. THE RELATIVE

EXPERIMENTAL PROTOCOL IS DESCRIBED IN SECTION IV

and nonmatch scores per probe increases the overall perfor-
mance of the system. This phenomenon was evident in the
results of experiment 1. Future research could provide sophis-
ticated solutions to address this problem. Second, it remains
unclear under which conditions it is better to fuse scores
before normalizing them and vice versa. Third, investigation
of the performance of the proposed method in multimodal
systems is being planned. Fourth, assessing the impact of
other fusion methods (see [22]) is of great interest. Fifth,
methods for automatically selecting the threshold values for
GRBSN and ORBSN could increase the usability and perfor-
mance of our framework greatly. Finally, as illustrated by the
time complexity analysis, the composition of the gallery is
very important for the scalability of our approach. Developing
appropriate gallery selection techniques could simultane-
ously reduce the time cost and increase the recognition
performance.

VI. CONCLUSION

In this paper, we presented a RBSN framework that con-
sists of three different algorithms. Unlike other approaches
(see [23], [24]), our first algorithm uses the rank of the
scores for each gallery subject to partition the set of scores
for a probe and then normalizes the scores of each sub-
set individually. The second algorithm utilizes gallery-based
information, while the third algorithm dynamically augments
the gallery in an online fashion and can be employed to
single-sample galleries. The experimental evaluation indi-
cates that the use of our framework for unimodal systems
may yield increased performance. Utilizing the gallery-based
information by estimating the probe’s identity appears to be
robust. Furthermore, the online version of our framework
appears to result in significantly better performance for single-
sample galleries when the identity estimation is successful.
According to the relevant statistical tests, the performance of
our framework appears to improve as we increase the number
of samples per subject. Also, it appears to yield increased
match and nonmatch scores separation for each probe. As
illustrated, a gallery which comprises multiple samples per
subject yields increased performance. However, our framework

utilizes the additional information more effectively than
raw score normalization methods. Finally, the experiments
demonstrated that even for probes of fixed pose the pro-
posed scheme has the potential to increase the recognition
performance.
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