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Accuracy and usability are the two most important issues for a multibiometric system. Most of multibiometric
systems are based on matching scores or features of multiple biometric traits. However, plenty of identity
information is lost in the procedure of extracting scores or features from captured multimodal biometric data,
and the loss of information stops accuracy and usability of the multibiometric system from reaching a higher
level. It is believed that matching scores can recover some identity information, which has not been utilized in
previous fusion work. This study proposes a framework of bin-based classiﬁer method for the fusion of
multibiometrics, to deal with this problem. The proposed method embeds matching scores into a higherdimensional space by the bin-based classiﬁer, and rich identity information, which is hidden in matching scores,
is recovered in this new space. The recovered information is suﬃcient to distinguish impostors from genuine
users more accurately. Therefore, the multibiometric systems which are based on such rich information, are able
to achieve more accurate and reliable results. The ensemble learning method is then used to select the most
powerful embedding spaces. Experimental results on the CASIA-Iris-Distance demonstrate the superiority of
the proposed fusion framework.
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1. Introduction
Multibiometrics oﬀers a more accurate, secure and universal
solution to personal identiﬁcation than unimodal biometrics [1,2].
Multibiometrics can integrate complementary information extracted
from multiple modalities to achieve superior performance, while single
biometric modality systems continue to suﬀer from some shortcomings. One such shortcoming is that the said system is inherently
aﬀected by certain factors in surrounding conditions. For example,
face recognition performance deteriorates dramatically if the illumination condition, pose or expression changes, and iris recognition is
aﬀected by the resolution of the device or the interaction between the
user and device. Another shortcoming is that the information provided
by single biometric modality is not rich enough to distinguish a user0
from similar ones. For example, face images of twins captured at a
distance may lose distinctive information, and face recognition systems
have diﬃculty in distinguishing one from the other. Some biometric
modalities are also easily spoofed with a fake pattern, which is a serious
problem of single biometric modality systems.
An intuitive solution to address these shortcomings is the fusion of
multimodal biometrics. Experimental results suggest that the recognition performance of fused multimodal biometrics is always impress-

⁎

ively better than that of any single biometric modality. One of the
reasons is that the inﬂuence of noise on multimodal biometric systems
is not so signiﬁcant. Researchers have found that noisy conditions that
aﬀect one biometric modality may have no eﬀect on other modalities.
The fusion can also utilize the complementary evidences of multiple
biometric traits, and the advantages of diﬀerent biometrics. Fusion
may also improve the recognition results depending on the correlation
among modalities. Poh et al. [3] show that the higher the variance of
base-experts and its covariance counterpart, the higher Equal Error
Rate (EER) will be. Moreover, fusion can make complementary
advantages of diﬀerent biometrics. For instance, iris modality can
provide an exact recognition result, but the modality is diﬃcult in
image acquisition; The face image is easy to capture, but the recognition performance is limited. The multimodal biometric system consisting of iris and face can solve this problem. In addition, the fusion
system is easier to use and also provides more accurate performance.
Given more biometric modalities existed in fusion systems, the
diﬃculty of spoof-attacking all biometric modalities increases Table 1.
Most research on multibiometric fusion is based on matching
scores and features of multiple biometric modalities, since score and
feature contain rich identity information and are easy to access [2,7].
The fundamental framework of score level fusion was proposed by
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explore the complementarity of diﬀerent features through a group of
weights [28]. In the feature level fusion of multibiometrics, Ross and
Govindarajan [13], and Chibelushi [14] used principal component
analysis (PCA) and linear discriminant analysis (LDA) to fuse the
features of diﬀerent biometric modalities. Shekhar et al. [15] used joint
sparse representation to tune the representation of diﬀerent features,
and represented a probe sample using a sparse linear combination of
gallery samples. This method was robust to occlusion and demonstrated outstanding performance. Mai et al. [29] proposed a feature
fusion method that maximized the fused template discriminability and
its entropy by reducing the bits dependency. Nagar et al. [30] also
introduced a feature-level fusion framework that simultaneously
protected multiple templates of a user as a single secure sketch.
However, there existed various kinds of features such as the histograms
of Local Binary Patterns (LBP) and Scale-invariant Feature Transform
(SIFT), the binary templates of Ordinal Measures (OM) and Gabor, and
so on, and the meaning and type of these features were usually diﬀerent
with each other, thus it was diﬃcult for a multibiometric feature level
fusion method to combine all types of features based on their meaning.
What is more, feature templates may be not available due to commercial reasons, which stopped feature level fusion methods from being
widely used in reality.
To overcome the shortcomings of the fusion methods mentioned
above, Miao et al. [31] proposed a basic bin-based classiﬁer for fusion,
which can handle any kind of features and utilize identity information
in features. An an improved work of [31], this paper proposes a
framework of the bin-based classiﬁer (BBC) fusion with three kinds of
typical BBCs, continuous bin-based classiﬁer (CBBC), dis-continuous
bin-based classiﬁer (DBBC) and pair-wise continuous bin-based classiﬁer (PCBBC). And the fusion method in [31] can be treated as a
special case of the DBBC. The proposed method separates heterogeneous feature templates into a number of patches, and the calculates
matching scores among the corresponding patches. Therefore, it is
appropriate for all types of features. The proposed method also can
recover identity information from matching scores of these feature
patches, and promote the fusion performance. In this work, three types
of bin-based classiﬁer are then proposed, and they recover detailed and
distinctive information by embedding patch score into a higher
dimensional space, as kernel methods do, so that the recovered
information is suﬃcient for the recognition. A signiﬁcant advantage
of this work is that it can handle multiple features. The proposed
method is also improved to be able to learn more distinctive and
complex classiﬁers in the framework of the bin-based classiﬁer, which
cannot be achieved in [31]. The learned BBCs are combined based on
ensemble learning methods, and complementarity of BBCs is well
extracted in this way.
One of the two most signiﬁcant contributions of this work is that a
framework of bin-based classiﬁer for score level fusion is proposed. The
proposed method aims at recovering identity information lost in
feature extraction and template matching phase, and hence promote
the recognition performance after fusion with richer these evidences.
The other one is that the recovered information is well combined by
ensemble learning methods in this work, and complementary information is remained while redundance is reduced.
The remainder of this paper is organized as follows. Section 2
introduces the proposed BBCs. Section 3 illustrates how to fuse the
BBCs by ensemble learning methods. Section 4 presents the experimental results on the CASIA-Iris-Distance database, as well as some
further discussions. Finally, Section 5 summarizes the main results of
this study and directions for future work.

Table 1
Score level and feature level fusion methods of multibiometrics.
References

Fusion method

Fusion level

Kiltter [4]

Bayesian based fusion: sum rule,
product rule.
Quality-based fusion.
Likelihood ratio-based score fusion.
Non-baysesian based fusion.

Score level

Weighted sum rule.
Robust linear programming based
fusion.
PCA, LDA

Score level
Score level

Joint sparse representation

Feature level

Poh [5,6]
Nandakumar [7]
Terrades [8],
and Ma[9,10]
Wang [11]
Miao [12]
Ross [13],
and Chibelushi [14]
Shekhar [15]

Score level
Score level
Score level

Feature level

Kittler et al. [4]. In their framework, the conditional probabilities of
matching scores should be calculated ﬁrst. Based on the assumption of
statistical independence of all the classiﬁers, the posterior probability
was then obtained according to Bayesian theory. They also suggested
many approximations to simplify the computation of the posterior
probability, such as the sum rule and the product rule, which were used
extensively and achieved robust fusion performance. Poh and Kittler
[5,6] introduced the quality of acquired biometric data into the
framework, and their quality-based biometric fusion achieved impressive performance. Another popular score level fusion method based on
the likelihood ratio (LHR) test, was introduced by Nandakumar et al. to
fuse multiple modalities based on the density estimation of matching
scores, and got wide attention [16–19] and achieved good results.
Without taking the assumption that all classiﬁers were statistically
independent, a framework of non-Bayesian fusion was proposed [8–
10]. They suggested various approximations to simplify the computation, and derived the weighted sum rule. Fakhar et al. [20] proposed a
general framework of multibiometric identiﬁcation system based on
fusion at matching score level using fuzzy set theory. Liang et al. [21]
combined the scores with an order-preserving fusion algorithm. Kim
et al. [22] proposed an online learning network for the fusion of
biometric scores, and achieved promising results in terms of fusion
accuracy and computational cost. Wang et al. [11] used the weighted
sum rule to fuse iris and face classiﬁers, which was similar to nonBayesian fusion method, and the weight variables were derived from
the performance of the classiﬁers. For the probability-based score
fusion method, the conditional probabilities were derived from density
estimation methods such as the Gaussian mixture model (GMM) [23]
and the Parzen window [24]. However, in the fusion task, the number
of samples, especially at the decision boundary, was usually small. A
limited number of samples at the tails of the distribution was
insuﬃcient to describe the distribution of samples precisely, and
therefore degraded the performance of the probability-based fusion.
(However, as to an user-speciﬁc fusion system [25], the lack of data was
not as a serious problem.) An increasing number of classiﬁers caused
the curse of dimensionality especially in density estimation, and
increased the diﬃculty of estimating the probability. To avoid the
diﬃculties in density estimation, Miao et al. [12] directly used
matching scores, and proposed a robust linear programming based
classiﬁer to fuse iris and face captured at a distance, which can relieve
inﬂuence of noise. Although the score level fusion methods achieved
great performance and were widely used in real-world applications, the
amount of information contained in matching scores was limited, and
restricted higher-level fusion performance.
In feature level, much essential work was proposed in various
research ﬁelds. Chang Xu et al. proposed multi-view intact space
learning and introduced various multi-view space learning methods
to learn a shared subspace for multi-view examples in a robust
approach [26,27]. Jun Yu et al. proposed a novel multimodal hypergraph learning-based sparse coding method, which can successfully

2. Bin-based classiﬁer
In this study, a novel fusion scheme called Bin-based Classiﬁer
(BBC) fusion, which explores and utilizes identity information hidden
in matching scores, is proposed. The proposed method only utilizes
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Fig. 1. Flowchart of our fusion procedure. We extract features from diﬀerent modalities separately, and measure the distance among feature templates as matching scores. The binbased classiﬁer (BBC) fusion is proceeded based on the concatenated matching scores. The ﬁnal decision is made according to the results of the BBCs.

plementary among features. Then samples are reweighted based on
their classiﬁcation result in this iteration. This procedure is not stopped
until the recognition performance is good enough after fusion. More
details are elucidated in the following subsections.

matching scores, which are generated by matching feature templates.
So the proposed method can be used for the fusion of multibiometrics
with diﬀerent types of feature templates.
The general ﬂowchart of the proposed fusion scheme is shown in
Fig. 1. Firstly, templates are divided into a number of patches before
the matching phase for two reasons. The ﬁrst reason is that distinguishing ability of diﬀerent biometric regions is diﬀerent. Therefore, it
is better to treat the regions diﬀerently by dividing them apart, and
then select the discriminative ones. The other reason is that rich
identity information is lost during traditional matching phase, which
maps high-dimensional feature into a 1-D score. But by dividing
template into patches, a high-dimensional score vector, of which
identity information is no less than that of the 1-D score, is generated
by concatenating scores of patches in matching phase, and the
information retained in such a way beneﬁts achieving superior
recognition performance after fusion. After the feature template
division, corresponding patches are matched, and a heterogeneous
score vector is generated by concatenating matching scores of all
patches of diﬀerent modalities. At last, the concatenated score vector is
used to train the bin-based classiﬁers, and for a new sample the BBC
will make a decision if it is a genuine user or not.
The detailed procedure of the BBC is shown in Fig. 2. The
concatenated score vector is used as the input to train bin-based
classiﬁers, and each element of the score is treated as a feature for the
BBC. So these score elements are named as features in the rest of this
paper for convenience. For a certain feature, the BBC divides its
domain into several bins, and then for each bin, it trains a linear
classiﬁer that best ﬁts the training data in the bin. The multiple linear
classiﬁers are concatenated to generate a piecewise linear classiﬁer for
each feature. The AdaBoost algorithms are used to select the bestperformed piecewise classiﬁer, to the end of the guarantee of com-

2.1. Bin partition
Owing to the loss of identity information in the matching and
feature coding phase, genuine and impostor classes are usually not
linearly separable in the feature space of the concatenated matching
score vector, as shown in Fig. 3(a) and (b). A theoretical solution to
recover the lost information so that the two classes are linearly
separable, is to embed the score vector into a higher-dimensional
space as kernel methods, so that the two classes can be linearly
classiﬁed in the new higher-dimensional space. However, in traditional
kernel methods, only some well-performed mapping functions (kernels) are used, and little prior knowledge on how to embed features is
taken into consideration. Consequently, selecting proper basis functions (which is also called mapping functions or embedding functions)
becomes a challenging task.
The BBC proposed a mapping method, which embeds features into
a new space according to the prior knowledge discovered from
statistical information of features so that genuine users are distinguished from impostors in the new space (as shown in Fig. 3(c) and
(d)). In the beginning of the proposed method, it divides the domain of
features into a number of bins through the discretization of features, so
that in each bin of domain, the embedding function can be approximated by a linear function. For the discretization, many practical
methods can be employed, such as the equal partition, K-means
clustering and representatives [32]. They all exhibit outstanding
performance in bin partition, with only minor diﬀerences, that is, the

Fig. 2. Flowchart of the bin-based classiﬁer (BBC) fusion method. The inputs are the score vectors derived from multiple biometric modalities. First of all, each score element is divided
into a number of bins. Secondly, a linear classiﬁer is trained for each bin, and the linear classiﬁers of the bins belonging to the same feature are concatenated as a weak classiﬁer.
Afterward, the weak classiﬁers are combined based on the AdaBoost algorithms to make a decision. Finally, all samples are weighted according to the current decision, and the ﬁrst two
steps are repeated based on the weighted samples until the recognition performance is good enough.
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Fig. 3. Distributions of impostors and genuine users of CASIA-Iris-Distance database. The red points represent genuine users and the black points represent impostors. (a) and (b) show
the localizations of genuine users and impostors in training set and test set respectively, after the sum-rule-based fusion. Axis x is the sum of all matching scores of face templates and
axis y is the sum of all matching scores of iris templates. Distance between feature templates is utilized as matching scores. Therefore, values of matching scores of impostors are larger
than values of matching scores of genuine users. (c) and (d) show the localizations of samples in training set and test set respectively, after the fusion based on the continuous bin-based
classiﬁer (CBBC), where axis x and y are the decision value of face and iris biometrics respectively. The results show that the bin-based classiﬁer (BBC) fusion achieves superior
performance.

used to denote the lower and upper boundaries of Smk, respectively.
Thus we have

K-means clustering is accurate but sensitive to the number of bins,
whereas the computation consumption of the representative method is
higher than those of the other two. The equal partition which divides a
domain into bins with the same size, can achieve almost the same
performance of the K-means clustering and be robust to noise. Thus, in
this study, all the bins are given by the equal partition method.
It is worth to note that there may be correlations between diﬀerent
feature dimensions, which may be distorted by the equal partition
method. One possible solution is to increase the number of bins to
approximate the correlations more precisely. However, the number of
bins cannot increase without any limitation. Experimental results in
4.6 ﬁgure that the fusion accuracy will drop down drastically if the
number of bins exceeds a certain number. Another method is to extract
correlations from domains clustered by K-means or other clustering
methods, which are more precise but complicated than the equal
partition. It is expected to achieve more accurate results if appropriate
domain partition method with less computational cost is proposed to
extract correlations between features, and this will be an important
direction for our future work.
Let xmdenote the value of the mth feature, and Km denote the
number of bins of the mth feature. As shown in Fig. 4(b), Smk is used
to represent the kth bin (k ∈ [1, …, Km]), and vm(k) and vm (k + 1) are

vm (1) = min(x m ) vm (Km + 1) = max(x m ) Skm = (vm (k ), vm (k + 1)]⋃Skm = Um
k

⋂Skm = ∅

(1)

k

where Um is the domain of the mth feature value, and ∅ is an empty
set. If the domain is divided by the equal partition, we can know that

vm (k ) = vm (1) + (k − 1)

vm (Km + 1) − vm (1)
Km

(2)

Given the discretization of features, the BBC scheme can learn
either the linear approximation of the embedding function, or the
piecewise linear classiﬁer utilizing statistical information hidden
among data. Three kinds of BBCs, the Continuous Bin-based
Classiﬁer (CBBC), Discontinuous Bin-based Classiﬁer (DBBC), and
Pairwise Continuous Bin-based Classiﬁer (PCBBC) are introduced in
the following subsections.
2.2. Continuous bin-based classiﬁer
In usual cases, the relationship between decision values and
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Fig. 4. Illustration of the continuous bin-based classiﬁer (CBBC) and the equal partition method. (a) shows the CBBC (the black dash curve) and the actual relationship between decision
value and feature (the red solid curve). (b) shows the equal partition based CBBC (the black dash curve). (a) Continuous bin-based classiﬁer. (b) Equal partition. (For interpretation of
the references to color in this ﬁgure legend, the reader is referred to the web version of this article.)

where am is the coeﬃcient vector of the linear classiﬁer in the high
dimensional space. This continuous bin-based classiﬁer (CBBC) can be
obtained by solving the following optimization problem:

features is highly non-linear and unknown, as shown in Fig. 4(a). And
the actual basis function, which maps feature into a higher-dimensional space, is also highly non-linear in reality. Fitting the non-linear
basis function exactly is a challenging task. However, with the help of
bin partition, the BBC can easily address this problem. For a small
piece of the feature domain, the actual basis function can be regarded
as a linear function, which can be easily ﬁtted. Therefore, the BBC
approximates the non-linear basis function by concatenating the linear
basis function of each small piece of the feature domain, which is called
as “bin” and discussed in Section 2.1.
The piecewise linear embedding functions are learned with the
constraint that they should be continuous at the boundaries of the bins,
accordingly, the classiﬁer is named as “continuous”.
For simplicity, we focus on a binary classiﬁcation task in this study.
The training data set comprises N input vectors x1, …, xN , with
yn ∈ {−1, 1}.
y1, …, yN
corresponding
target
values
where
xi = [xi1, …, xiD]T where D is the dimension of feature space. xij denotes
the jth feature of the ith input. Any feature value in a bin can be linearly
represented by the two boundaries. Therefore, every feature value can
be linear represented by a linear combination of all the bin boundaries,
and two non-zero coeﬃcients of boundaries exist at most.

fm = argmin
fm

⎛ 1
am = ⎜⎜ +
⎝N
+

∑

wi gim gimT +

i ∈ O+

1
N−

1
N+

1
N−

∑

wi [yi − fm (xim )]2

i ∈ O−

O+

⎞−1 ⎛ 1
wi gim gimT ⎟⎟ ·⎜⎜ −
⎠ ⎝N
i ∈ O+

∑

∑
i ∈ O−

⎞
wi yi gim⎟⎟
i ∈ O−
⎠

wi yi gim

∑

(6)

and the optimal CBBC for the m

⎛ 1
fm (x m ) = g m ⎜⎜ +
⎝N
⎛
⎜ 1
⎜ N−
⎝

∑

wi gim gimT +

i ∈ O+

∑
i ∈ O−

wi yi gim +

1
N−

th

1
N+

feature is solved

⎞−1
wi gim gimT ⎟⎟ ·
⎠
i ∈ O+

∑

⎞
wi yi gim⎟⎟
i ∈ O−
⎠

∑

(7)

Eq. (6) implies that the coeﬃcient vector is determined by all the
training data. Hence, noise of the training data will inﬂuence the whole
piecewise linear classiﬁer.

x − v (k )
v (k + 1) − v (k )

From the viewpoint of embedding, the discretization of features
embeds a feature into a higher dimensional space, of which the
dimension equals the number of bin boundaries. The embedding
function can be formulated as

2.3. Discontinuous bin-based classiﬁer
In the CBBC mentioned above, the coeﬃcient vector is determined
by all the inputs. A better way of taking advantages of bins is that the
coeﬃcient vector is determined only by the data in corresponding bins.
Based on this idea, a piecewise linear classiﬁer named discontinuous
bin-based classiﬁer (DBBC) is proposed, where the linear classiﬁer of a
certain bin depends only on the data in this bin.
Similar to the CBBC, the DBBC is linear in each bin, and the
decision value of any input is a linear combination of the decision
values of the two nearest bin boundaries. However, unlike the CBBC,
the piecewise linear DBBC may be not continuous at bin boundaries.
The decision values of neighbor bins at the same boundary may
therefore be diﬀerent, as shown in Fig. 5. The DBBC is written in the
form of

(3)

⎯→
⎯ m
where G (·,·) maps feature x m into a high-dimensional space, as
described in Algorithm 1, and g m = [g m (1), …, g m (Km + 1)]T . The algorithm begins with trimming the feature value. Then for a certain point,
its coordinates in the new space are its coeﬃcients of boundaries,
which are obtained according to the inﬂuence of each bin boundary on
the point. Given that the locations of the two classes in the new space
are clear, a continuous linear decision boundary between two classes
can be determined, in the form
fm (x m ) = g m ·am

+

is the subscript set of
where wi is the weight of the i input,
genuine samples, O− is the subscript set of negative samples, N + is the
number of genuine samples, and N− is the number of negative samples.
The coeﬃcient vector am is given by using (4) and (5)

v (k + 1) − x
v (k + 1) − v (k )

g m = Gm (x m , vm)

wi [yi − fm (xim )]2

(5)

1: x = min(max(x, v (1)), v (K + 1))
2: k = argmaxk ∈[1, …, K ] v (k ) s.t. v (k ) ≤ x

4: g(k + 1) =

∑
i ∈ O+

th

Algorithm 1. g = G (x, v) Embedding function for a single feature.

3: g(k ) =

1
N+

(4)
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ing to some of the bins are highly reliable and precise, if most of noise
data are located in other bins. Noise data in a certain bin will not have
inﬂuence on the linear classiﬁers of other bins. Assuming that noise
and informative data are separated into completely diﬀerent bins, the
linear classiﬁers in informative bins provides convincing identity
predictions, because of the removal of impact of noise. And in noisy
bins, the value of predictions given by the linear classiﬁers is very
small, and will have little inﬂuence on the ﬁnal prediction. The reliable
linear classiﬁer with lager value will contribute more to the fusion
decision than that of noisy bins, and fusion performance will be
promoted. Therefore, a superior performance can be achieved if noisy
and informative data are well separated by the bin partition. Otherwise,
if noise data are uniformly distributed in all bins, its performance will
be almost as same as that of CBBC. Although there is no constraint that
the decision values of neighbor bins at the same bin boundary should
be the same for the DBBC, the DBBC tends to be continuous in cases
with inconsiderable noise or uniformly distributed noise. The experimental results support the conclusion above, and detailed discussion
can be found in Section 4.
A special case of the DBBC is the kind that learns only a constant as
the linear classiﬁer for a certain bin [31], and is formulated as

Fig. 5. Illustration of the discontinuous bin-based classiﬁer (DBBC). The black dash
curve represents the DBBC and the red solid curve represents actual relationship between
decision value and feature. (For interpretation of the references to color in this ﬁgure
legend, the reader is referred to the web version of this article.)
Km

fm (x m ) =

∑ (bkm·x m + ckm )·δk (x m )

(8)

k =1

Km

fm (x m ) =

where

δk

k =1

⎧1 x m ∈ Skm
=⎨
m
⎩ 0 x m ∉ Sk

(x m )

A A
− AWX AWY
bk = W WXY
2
AW AWX 2 − AWX

ck =

AWY
AW

(13)

This special case will lose some identity information, but it achieves a
good trade-oﬀ between distinctiveness and robustness. Its performance
remains robust despite the existence of a number of noisy data in the
training procedure. Moreover, its low computational complexity makes
it eﬃcient for the fusion of multiple features.

(10)

AWX 2 AWY − AWX AWXY
2
AW AWX 2 − AWX

(11)
2.4. Pairwise continuous bin-based classiﬁer

where

AW =

(12)

where
(9)

Similar to the CBBC, the DBBC is given by the minimization
function (5) with the parameters

ck =

∑ ckm·δk (x m )

1
N+

∑

wi +

i ∈ O+
xi ∈ Sk

1
=
N+
+

∑
i ∈ O+
xi ∈ Sk

1
N−

wi xi2

1
N−

∑− wi AWX

i∈O
xi ∈ Sk

1
+
N−

∑− wi yi AWXY

i∈O
xi ∈ Sk

=

∑

wi xi +

i ∈ O+

1
N−

xi ∈ Sk

∑

i ∈ O−
xi ∈ Sk

=

1
N+

wi xi2 AWY

1
N+

∑
i ∈ O+
xi ∈ Sk

=

1
N+

wi xi yi +

∑
i ∈ O+
xi ∈ Sk

1
N−

∑

i ∈ O−
xi ∈ Sk

In the CBBC and DBBC mentioned above, only one single feature is
used for classiﬁcation tasks. The cooperation among features is not
considered in such classiﬁers; thus, some complementary information
hidden in pairs of features is lost. To overcome this shortcoming and
make the cooperation among the features clear, another BBC named
Pairwise Continuous Bin-based Classiﬁer (PCBBC) is proposed, which
utilizes pairs of features for classiﬁcation tasks.
Similar to the CBBC, the PCBBC divides its domain into a number
of bins in the plane of feature xm and xn, as shown in Fig. 6(a). Each
bin is a rectangle in the plane, and is divided into two triangle patches
along the diagonal direction, as shown in Fig. 6(b) and (c). Any data in
either of the patches can be represented by the three vertices of the

wi xi AWX 2

wi yi

∑

i ∈ O−
xi ∈ Sk

wi xi yi

Eqs. (10) and (11) show that the classiﬁer in an individual bin is related
only to the data belonging to the corresponding bin.
One of the advantages of DBBC is that the coeﬃcients correspond-

Fig. 6. Illustration of the bin partition and feature mapping method of the pairwise continuous bin-based classiﬁer (PCBBC). Point A, B and C represent three bin boundaries, and lines
among a certain black point and the three bin boundaries represents the inﬂuence of point A, B and C on the black point. (a) Bin partition. (b) Mapping in the upper triangle. (c)
Mapping in the lower triangle.
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in practical scenarios diﬀerent with each other. The CBBC provides
solutions with respect to all the samples, so any noise will inﬂuence the
solutions directly. Therefore, the CBBC is appropriate for the scenario
with tiny amount of noise data. As for the DBBC, its solution is
discontinuous, and only related to the corresponding domain of
features. Thus, the DBBC does well in the scenario that noise is
clustered and located in some area of the feature domain, such as
occlusion in face images, spot of light in iris images, and so on. The
PCBBC is much more accurate and complex than the other two, so it
usually achieves more reliable and precise fusion results. However,
there should be suﬃcient training sample preventing it from over
ﬁtting. Otherwise, the performance of the PCBBC will deteriorate
signiﬁcantly. More discussion on the comparison of the three BBCs
can be seen in the following experiment section.

triangle. This process can be treated as a method of embedding as well.
The embedding coeﬃcient vector can be obtained by Algorithm 2,
where the input datum is treated as the gravity center of the triangle.
Algorithm 2. g mn = Gmn (x m , x n , vm , vn) Pairwise embedding function.
1:
2:
3:
4:

→
g mn = 0
m
x = min(max(x m , vm (1)), vm (Km + 1))
x n = min(max(x n , vn (1)), vn (Kn + 1))
k m = argmax km∈[1, …, Km] vm (k m ) s.t. vm (k m ) ≤ x m

5: k n = argmax kn∈[1, …, Kn] vn (k n )

s.t. vn (k n ) ≤ x n

6: I (k m, k n ) = (k m − 1) Kn + k n
7: pm =

xm − vm (km )
vm (km + 1) − vm (km )

8: pn =

xn − vn (kn )
vn (kn + 1) − vn (kn )

3. Fusion

9: if pm ≥ pn
10: g mn (I (k m, k n )) = 1 − pm
11: g mn (I (k m +1, k n )) = pm − pn
12: g mn (I (k m +1, k n +1)) = pn
13: else
14: g mn (I (k m, k n )) = 1 − pn
15: g mn (I (k m, k n +1)) = pn − pm
16: g mn (I (k m +1, k n +1)) = pm
17: end if

In this section, we introduce how to fuse the detailed information
extracted by BBCs. Given that the decisions made by BBCs are not
heterogeneous, they can be directly fused into a powerful “committee”
by linear combination. In this work, BBCs are learned and combined
based on ensemble learning methods such as Boosting, to extract
considerable complementary information. According to the Gentle
AdaBoost, the best-performing BBC is selected in each iteration, and
then training samples are reweighted. This process is not stopped until
the accuracy is suﬃciently high or reaches the maximum number of
iteration The fusion classiﬁer is the sum of all the selected BBCs, which
is formulated as

It is also assumed the output of classiﬁer of each bin scales linearly
with the feature value for the PCBBC. Thus, the decision value of a
datum can be represented by a linear combination of the decision
values of all the vertices, as shown in Fig. 7. With the constraint that
the PCBBC is continuous in every boundary of bins, similar to the
CBBC, the PCBBC can also be solved as Eq. (7).

M

F(x ) =

∑ fm (x )
m =1

(14)

The ﬁnal recognition result is made upon the sign of the fusion
classiﬁer F(x). A user is considered genuine if F (x ) > 0 , and an
impostor otherwise.
On one hand, the BBC extracts considerable detailed information
for fusion. On the other hand, plenty of this information is redundant.
At the end of minimizing redundant information, samples are reweighted in each iteration, so that the misclassiﬁed sample receives
more attention in the next iteration, and complementary information is
retained. And for the purpose of improving recognition accuracy after
fusion, our method aims to narrow down the overlap area of the
distributions of impostor and genuine classes, which is the direct cause
of misclassiﬁcation, as shown in Fig. 8. Therefore, our method utilizes
the loss function (15)

2.5. Summary of the BBC
In this section, the framework of the bin-based classiﬁer, which
maps features into a higher-dimensional and discriminative space, is
proposed. From another view point, the BBC can be treated as a
piecewise linear classiﬁer in the original feature space, and that is why
it is called as bin-based classiﬁer. The basis function serves as a highly
non-linear classiﬁer that adaptively extracts detailed information from
the original feature space. In this case, the BBC can be regarded as a
heterogeneous feature selection method as well, which selects the
feature with the least misclassiﬁcation in each iteration. And the BBC
utilizes the detailed information hidden in a more discriminating space,
which promotes to achieve better performance than other heterogeneous feature selection methods.
There are three speciﬁc BBCs been proposed, and they perform well

L = E (e−yF (x ) )

(15)

where E () is the expectation, and y is the label of x. Loss function (15)
has an insigniﬁcant inﬂuence on the non-overlap area while penalizing

Fig. 7. Illustration of the PCBBC. The yellow plane is the surface of decision value. The meanings of points A, B and C are the same as that in Fig. 6. (a) Mapping of the upper triangle.
(b) Mapping of the lower triangle.
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Fig. 8. Illustration of the loss function. (a) shows the overlap area of the distributions of genuine user and imposter. The blue and red curves represent the impostor and the genuine
user respectively. The shadow is the overlap area. (b) shows our loss function (the red curve). The shadow represents the overlap area in (a). L represents the value of loss function, y is
the label of sample x, and F(x) is the predict value of x. (a) Distributions of genuine user and imposter. (b) Loss function. (For interpretation of the references to color in this ﬁgure
legend, the reader is referred to the web version of this article.)

new BBCs are learned, and the best-performing BBC is selected in each
iteration. This process is repeated until the recognition result after
fusion is accurate enough.

4. Experimental results
4.1. Database
In this work, we fuse the face and iris modalities of the CASIA-IrisDistance database [33] which is a challenging database that consists of
remote iris and face images, to evaluate the proposed BBC fusion
method. The database contains 2576 frontal face images from 142
subjects. 928 images from the ﬁrst 50 subjects are used for training and
the rest for test. All the images are collected in an indoor environment
with a machine vision camera under near-infrared (NIR) illumination,
and are captured at approximately 3 m away, with a high resolution of
2352×1728. A partial frontal face region and two iris regions are clearly
captured. Given the controlled capture interface, illumination, and
cooperative volunteers, all the images are captured with excellent
quality, and identity information in both modalities is suﬃcient for
the identiﬁcation task.

Fig. 9. Receiver operating characteristic (ROC) curves of iris, face and the fusion of iris
and face based on diﬀerent methods, including Gentle AdaBoost, LDA, SVM, LHR-based
fusion, sum rule, and continuous bin-based classiﬁer (CBBC).

4.2. Experiment settings
To reduce the computational costs, the frontal face region is
normalized with a size of 128×128, and the iris region is segmented
and normalized with a size of 540×66. Given that all the images are not
captured in the same position strictly, parts of faces are missing in the
normalized face images of particular subjects.
The normalized face image is equally divided into a number of nonoverlapping patches as discussed in Section 2. Gabor ﬁlters [34] and
Local Binary Patterns (LBP) [35] are adopted to extract distinctive
features from these patches. The Cosine and Chi-square distances are
used to evaluate the similarities of features for Gabor ﬁlters and LBPs,
respectively. The recognition performance of Gabor and LBPs is almost
the same in our experiments. Hence, only the results related to the
LBPs are presented in this paper.
The normalized iris image is also equally divided into a number of
non-overlapping patches. The features of patches are extracted by
ordinal ﬁlters (OMs) [36]. The Hamming distance is used to measure
the distance among the OM feature templates.
Finally, all the distances between two images are concatenated as a
matching score vector, which is used to determine whether the subject
is a genuine user or an impostor. Given that the focus of this study is
the fusion of iris and face, details of iris and face image preprocessing
are not reviewed here.

Fig. 10. ROC curves of diﬀerent bin-based classiﬁers (BBCs). The CBBC and DBBC are
trained based on 324 features, whereas the PCBBC, CBBC-100 and DBBC-100 are
trained based on 100 features.

the overlap area. It can be solved by Newton stepping

F (x ) = F (x ) + E w (y|x )

(16)

where w (x, y ) = e−yF (x ) .
The details of our fusion method are as follows. In the ﬁrst iteration,
all the training samples have the same weight. The best-performing
BBC is selected from all the BBCs. All the samples should be reweighted
according to their performance, to extract complementary information
in each iteration, and wi is updated to wi exp(−yi fm (xi )) with respect to
the classiﬁcation error in the previous iteration, so that the misclassiﬁed samples receive more attention. Based on the reweighted samples,
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Fig. 11. Comparison of the CBBC and DBBC of individual feature. Feature 1 and feature 2 are the ﬁrst 2 features in both the CBBC and DBBC. (a) and (c) are the shapes of the CBBC and
DBBC of feature 1, while (b) and (d) are the shapes of the CBBC and DBBC of feature 2. (a) Shape of the CBBC of feature 1. (b) Shape of the CBBC of feature 2. (c) Shape of the DBBC of
feature 1. (d) Shape of the DBBC of feature 2.

Fig. 12. Shapes of the PCBBCs of the ﬁrst two pairs of features. The surface is decision value. (a) PCBBC of the ﬁrst pair of features. (b) PCBBC of the second pair of features.

fusion reported in this subsection are also based on the 70 features
selected by itself.
The details and speciﬁc parameters of the fusion methods are
described as follows:

4.3. Comparison with other fusion methods
Extensive experiments are conducted to evaluate the proposed
BBCs fusion for iris and face. The BBC is compared with various fusion
methods, including Support Vector Machine (SVM), Linear
Discriminant Analysis (LDA), Likelihood Ratio based fusion and
Gentle AdaBoost, which all achieve good performance on the CASIAIris-Distance database. Taking the time consumption and other situations into consideration, 70 features are selected from 119090 features
by the Gentle AdaBoost algorithm. To be fair, the results of the CBBC

•
•
113

The CBBC with 4 bins is used to evaluate the performance of BBC
fusion method. The bins are divided by the equal partition method.
Its result is based on the 70 features selected from the whole feature
set.(CBBC)
The SVMs with the Radial Basis Function (RBF) kernel and linear
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Fig. 13. Distribution of BBC decision value. The blue solid line represents the class of positive user, and the red dashed line represents the impostor. (a) CBBC. (b) DBBC. (c) PCBBC.
(For interpretation of the references to color in this ﬁgure legend, the reader is referred to the web version of this article.)

Fig. 14. ROC curves of the PCBBC and CBBC, which are learned based on the original
test dataset. The red solid line is the ROC curve of PCBBC, while the blue dashed line
represents the CBBC. (For interpretation of the references to color in this ﬁgure legend,
the reader is referred to the web version of this article.)

Fig. 15. ROC curves of CBBCs trained with various size of training subjects.
Fig. 16. ROC curves of BBCs with diﬀerent numbers of bins. (a) CBBC. (b) DBBC.
Table 2
Statistic results of CBBCs trained with various sizes of training subjects.
Number of subjects

10

20

30

40

FRR(%)@FAR=0.1%
FRR(%)@FAR=0.01%

3.06 ± 0.63
4.51 ± 0.72

1.24 ± 0.23
2.22 ± 0.32

0.89 ± 0.13
1.67 ± 0.26

0.83 ± 0.11
1.49 ± 0.16

Table 3
EERs (%) of BBCs in the final iteration.

kernel are used as comparison. Since the features are much more
than the training samples, which will lead to the overﬁtting and poor
generalization, the SVMs adopt 70 features selected by the Gentle
AdaBoost (SVM-RBF and SVM-Linear). The result of the SVM with
114

Number of bins

2

3

4

5

6

7

8

9

CBBC
DBBC

0.410
0.450

0.390
0.446

0.436
0.424

0.454
0.463

0.431
0.467

0.518
0.446

0.541
0.479

5.420
0.699
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much better than the methods based on the sum scores of face and iris.
Every individual feature contains some unique information, and the
sum of features does not fully take advantages of such information,
which leads to the deterioration of recognition performance. The
comparison of performance between the linear SVM and the SVM with
RBF kernels indicates that the non-linear classiﬁer can achieve better
recognition performance. The linear combination of original features is
not suﬃcient to indicate the identity of a user, and mapping the
original feature space into a higher dimensional space beneﬁts the
classiﬁcation. Our proposed method, which can be treated as a method
of ascending dimension, therefore achieves the best performance.

Table 4
EERs (%) of BBCs in the best performed iteration.

•
•
•

Number of bins

3

4

5

6

7

8

9

CBBC
DBBC

0.35
0.43

0.39
0.40

0.39
0.45

0.40
0.44

0.41
0.42

0.43
0.46

0.41
0.47

the RBF kernel, which is based on the sum score of iris modality and
the sum score of face modality, is also reported (SVM-2D). All the
parameters of SVMs are determined by grid search and 4-fold cross
validation.
Similar to the SVM, the LDA based fusion method also learns the
decision surface in both the 70 feature space (LDA) and the sum
score space (LDA-2D).
The Gentle AdaBoost based fusion method learns classiﬁcation
boundary based on the 70 selected features, and the maximum
number of iteration is 200 (Gentle AdaBoost).
In LHR-based fusion, if the number of features increases, the fusion
performance degrades severely. Therefore, we only use the sum
score of iris and the sum score of face to generate the probabilities of
impostors and genuine users by the Gaussian Mixture Model
(GMM). The ratio of the probabilities of genuine and impostor
classes is used as the ﬁnal decision (LHR-2D).

4.4. Performance of diﬀerent BBCs
In this work, three BBCs are introduced: CBBC, DBBC, and PCBBC.
Although they all achieve superior and similar performances in the
fusion problem, their application scenarios are not completely the
same. The CBBC is good at addressing the problem of the existence of
minimal noise in the dataset, whereas the DBBC can achieve a superior
performance even if a number of noise data exist during the learning
procedure. Theoretically, the PCBBC can achieve better performance
than the other two methods because of its highly complex structure.
However, considerable data are required during the training procedure
of the PCBBC so that it can learn the exact model from the data.
Therefore, the PCBBC is expected to achieve an outstanding performance only if suﬃcient training data exist.
The experimental comparison of the three BBCs is shown in Fig. 10.
All the settings are the same as those presented in Section 4.3 except
for the number of features. The CBBC and the DBBC are learned based
on the 324 features selected by the CBBC, to utilize the detailed
information hidden in every feature. However, the time consumption of

In Fig. 9, all the experimental results are shown in terms of the
Receiver Operator Characteristic (ROC) curve, together with the
unimodal recognition results of iris and face. The results imply that
all fusion methods are eﬀective in fusing iris and face, but the fusion of
multibiometrics achieves a better performance than unimodal modality. The fusion methods based on multiple features also perform

Fig. 17. Percentages of face and iris modalities of BBCs with diﬀerent number of bins. (a) CBBC with 3 bins. (b) CBBC with 9 bins. (c) DBBC with 4 bins. (d) DBBC with 9 bins.
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samples in the training set increases, so that training data are suﬃcient
to model the exact distribution of genuine and impostor classes. In
practice, the original test dataset is used to train BBCs, and the learned
BBCs are tested on the original training dataset. The other settings
remain the same as those utilized in previous experiments. The
experimental results are shown in Fig. 14. The Equal Error Rates
(EERs) of the PCBBC and CBBC are 0.071% and 0.242% respectively.
Hence, although the features utilized by the PCBBC are signiﬁcantly
less than those utilized by the CBBC, the PCBBC can still achieve a
superior fusion performance if suﬃcient training samples exist.

4.5. Relationship with the size of training subjects
In order to investigate if the BBC fusion is sensitive to training data,
diﬀerent CBBCs trained with diﬀerent sizes of training subjects are
compared, as shown in Fig. 15. We select N subjects from the 50
training subjects to train CBBCs with 3 bins, where
N = 10, 20, 30, 40, 50 . The results sujjest that the fusion performance
gets better as the size of training subjects becomes bigger. And if the
number of training subjects is greater than 40, the performance
increases very slowly. That implies the BBC fusion method can achieve
accurate recognition results without excessive train subjects.
In addition, we repeat each experiments 5 times and select N
training subjects randomly, to provide reliable fusion performance, and
the results are shown in Table 2.

4.6. BBCs with diﬀerent numbers of bins
The fusion performance of BBCs crucially depends on detailed
information, which is extracted based on the bin partition. However, no
method can determine the number of bins for each BBC, and we must
choose the best-performing number of bins according to fusion
performance. The ROC curves and EERs of BBCs with diﬀerent
numbers of bins are shown in Fig. 16, Tables 3, 4, to clarify the
relationship between fusion performance and number of bins.
Fig. 16 and Table 3 show the performance of BBCs in the ﬁnal
iteration. The BBC with more bins does not always outperform the one
with less bins. The accuracy of BBCs does not increase along with the
number of bins. On the contrary, the accuracy even decreases sometimes. On the one hand, once the number of bins increases, the
inﬂuence of a single datum on the BBC becomes more severe. Thus,
noise causes the degradation of our fusion method if it is not well
clustered in the bin partition procedure. On the other hand, detailed
and distinctive information cannot be fully extracted if only a few bins
exist. Therefore, a proper number of bins and an eﬃcient bin partition
method are the key points in the BBC fusion to balance robustness and
distinctiveness.
The best-performing BBC is not generally the BBC in the ﬁnal
iteration. Fig. 18 gives a brief illustration of the relationship between
performance and the number of iteration in terms of the EER. The best
performance of BBCs with diﬀerent numbers of bins is listed in Table 4.
The EER of the CBBC with 9 bins sharply increases after the 200 − th
iteration, which implies that the CBBC with a large number of bins
severely over-ﬁts the dataset as the number of iteration increases.
The complementarity of diﬀerent modalities is another interesting
topic in the fusion. The percentages of face and iris modalities of
diﬀerent BBCs are shown in Fig. 17. As the number of iteration
increases, the percentages of iris and face in well-performing BBCs
(Fig. 17(a) and (c)) tend to be stable. On the contrary, in the BBCs with
poor performance (Fig. 17(b) and (d)), the percentages of diﬀerent
modalities change irregularly. From the analyses of Figs. 17 and 18, it
can be seen that the face and iris are highly complementary with each
other. The best proportion of face to iris is approximately 4:6, and any
change in proportion degrades the performance.

Fig. 18. Relationship between EER and the number of iteration of BBCs. (a) CBBC. (b)
DBBC.

the PCBBC training procedure based on 324 features is high. Thus, only
the ﬁrst 100 features are utilized to train the PCBBC. The performances
of the CBBC and DBBC based on 100 features are compared. For a
visual impression of various BBCs, their shapes on some features are
shown in Figs. 11 and 12.
The CBBC and DBBC achieve almost the same fusion performance,
which implies that the CBBC and DBBC of an individual feature should
be similar to each other, as shown in Fig. 11. This is mainly caused by
two reasons: (1) minimal noise exists in the database, and (2) noise
data are uniformly distributed in the database. In the ﬁrst case, noise is
insuﬃcient to inﬂuence the CBBC and DBBC. In the second case, the
inﬂuence of noise on both the CBBC and DBBC is equivalent with each
other. Thus, the shapes of the CBBC and DBBC are similar to each
other, and the DBBC is continuous at the majority of boundaries, as
shown in Fig. 11.
The PCBBC does not achieve the expected outstanding performance. One of the factors is that the PCBBC utilizes only 100 features,
and the distinctive information in these features is signiﬁcantly less
than the information in the 324 features adopted by the CBBC and
DBBC. The BBC is a powerful and complicated committee of weak and
simple classiﬁers, and one of the common shortcomings of complicated
classiﬁers is over-ﬁtting. Over-ﬁtting is observed in the BBC results of
the training set. An obvious gap always exists between the distributions
of genuine and impostor classes, as shown in Fig. 13. A reasonable
explanation for the gap is that the training data are not suﬃcient for
BBCs to precisely learn the decision surface, and all the BBCs over ﬁt
the training dataset. Given that more data are needed to learn the
decision surface in a higher-dimensional space, the PCBBC suﬀers from
over-ﬁtting more severely than the CBBC and the DBBC. One of the
solutions is to increase the size of the training set. Thus, the number of
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5. Conclusion
[18]

In this work, a novel fusion method based on the Bin-based
Classiﬁer (BBC) is proposed, and three types of BBCs are introduced
for the fusion. The BBC fusion can fully extract detailed and distinctive
information by dividing a range of feature into bins and by training the
classiﬁer for each individual bin. The extracted information is then
utilized by the ensemble learning algorithm to improve the fusion
performance. Extensive experiments are conducted to illustrate the
eﬀectiveness of our fusion method..
There are still some interesting research directions related to the
proposed method. For example, theoretical research on determining
the bins is important in producing promising BBCs. And close analysis
on the degradation of BBCs with large number of bins is expected to
carry out deep comprehension of the BBC. In addition, with the
inspiration of the pairwise continuous bin-based classiﬁer (PCBBC),
it is ﬁgured out that the BBCs can be improved as complex classiﬁers in
a high-dimensional feature space, and achieve superior fusion performance theoretically if there exist suﬃcient training samples. The BBCs
are also expected to make progress in user-speciﬁc multibiometric
fusion. These research direction will be the concerns of our future work
to improve the BBC fusion.
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