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Score fusion is a very competent fusion approach and weighted score fusion is the most preferable score
fusion approach. To automatically set proper weights is the most important key of weighted score fusion
and it seems that there are no truly adaptive weighted fusion approaches at present. In this paper we
design a perfect adaptive weighted fusion approach, which automatically determines optimal weights
and no any manual setting is needed. Though the proposed approach is very simple and quite easy to
implement, it can obtain better performance than previous state-of-the-art approaches.
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1. Introduction

As fusion enables more information from multiple sources to be
exploited and allows higher accuracy to be achieved, fusion has been
used in various tasks such as video retrieval 1], cryptosystems [2],
multi-biometrics [3-5] and spoken language recognition [6].

Fusion is usually performed at three levels, i.e. feature level, score
level and decision level [7,8]. Fusions at these levels have different
advantages. The decision level fusion is very easy to implement.
However, the implementation of decision level fusion does not allow
the multisource information to be fully exploited, because the decision
contains only too little information from the original data. For
example, in the biometrics-based personal verification, the decision
to be fused is just a binary variable, with the value of “accept” or
“reject”. Fusion at the feature level integrates the multisource informa-
tion at the most early stage, so it is able to exploit the most
information of the original data [8]. However, fusion at the feature
level should resolve the problem that different kinds of data might be
inconsistent and incompatible. As a result, fusion at the score level is a
good way [5,9,10].

Conventional score fusion approaches can be grouped into
three kinds, i.e. transformation based score fusion, classifier based
score fusion and density based score fusion [4]. In classifier based
score fusion approaches, scores from different data sources are
combined as a feature vector and a classifier is constructed to
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perform classification [11,12]. Besides conventional machine
learning approaches such as multi-layer perceptron (MLP) have
been exploited for classifier based score fusion [13], the boosting
approaches such as the ones proposed in [14,15] have also shown
good performance in this kind of fusion. The key issues of classifier
based score fusion approaches are as follows. First, they are faced
with the problem of the unbalanced training set. For example, in
the personal verification, genuine match scores available for
training are much fewer than impostor scores. Second, the cost
of misclassification and classifier should be carefully selected. In
transformation based score fusion approaches, the scores should
be first transformed (normalized) to a common domain before
they are integrated. Because the transformed (normalized) scheme
is sample dependent, empirical evaluation is usually involved in
the implementation of this kind of approaches [9,16]. Transforma-
tion based score fusion usually uses the sum rule, maximum rule,
minimum rule and product rule to integrate the scores of different
data sources [7]. Most of previous literatures show that the sum
rule achieves promising performance [17]. If the score densities
are evaluated accurately, density-based approaches seem to be
able to achieve optimal performance. However, they suffer from
the problem that they are so complex and it is hard to implement
them. In particular, to model the density distributions has a very
high complexity [18]. The Gaussian mixture model (GMM) based
density estimation has been widely used in score fusion owing to
its good theoretical properties [19]. However, to determine a
suitable number of components for GMM is a challenging task [4].

Besides the above three kinds of score fusion approaches, there are
also a few available ways to score fusion. For example, receiver
operating characteristic (ROC) based score fusion approaches were
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also proposed. Typical examples of this kind of score fusion
approaches include the least square error based framework developed
in [20], the margin based ranking [21], and the optimizing approach of
area under the Curve (AUC) [22].

It is sure that weighted score level fusion can better take
advantages of data from different sources [23-27]. However, it is
hard to determine optimal weights for weighted score level fusion.
It seems that there are still no automatic weight selection
procedures and a number of previous weighted score level fusion
approaches depend on only empirical selection of the weights. As
a consequence, to design an automatic and adaptive weighted
score level fusion approach is very crucial.

Some attempts have been made for improving weighted score
level fusion. For example, Jain et al. proposed user-specific parameters
for multi-biometrics [28]. Moumene et al. studied the estimation of
fusion weights in the exposure fusion problem [29]. However, the
algorithm depends on the Lagrange multipliers and it is not suitable
for pattern classification tasks. The work presented in [28] can be
viewed as user-specific adaptive fusion approach. Besides this kind of
approaches, other adaptive fusion studies are also made [30-32]. For
instance, the approach proposed in [32] is a typical test-sample-
specific adaptive weighted fusion approach. In other words, in this
approach the weights of different data sources vary with test samples.
The sample quality based weighted score fusion approach proposed in
[18] can be also viewed as a sample-specific adaptive weighted fusion
approach. It has the idea that since the sample quality varies the
weights should be various for different samples. It should be pointed
out that most of the above these attempts cannot completely imple-
ment automatic determination of adaptive weights. Some of them
estimate the weights by using “exhaustive” search and a certain error-
rate based criterion [28].

This paper devises a perfect adaptive weighted fusion approach.
The approach can automatically set proper weights for score fusion
and no any manual setting is needed. Because the automatically
selected weights are very reasonable, this approach can well integrate
the advantages of complementary data sources. Extensive experiments
demonstrate that the devised method outperforms previous state-of-
the-art approaches.

The remainder of this paper is organized as follows. Section 2
reviews related works. Section 3 presents the proposed adap-
tive weighted fusion approach and its rationale and advantages.
Section 4 shows the results of conducted extensive experiments.
Section 5 provides the conclusions of the paper.

2. Related works

In this section, we make a brief review of typical score level fusion
schemes. The score level fusion can use more information than the
decision level fusion. Moreover, as the score level fusion allows
multiple scores to be independently treated and integrated, it usually
obtains a very high accuracy [7].

Kittler et al. proposed a theoretical framework of score level fusion
for consolidating the evidence obtained from multiple classifiers.
Under this framework, the score level fusion can be implemented by
the sum rule, product rule, max rule, min rule, median rule or majority
voting [17]. In order to use these rules, we should convert matching
scores into posteriori probabilities. Kittler et al. considered the
problem of classifying an input pattern Z into one of m possible
classes based on the evidence provided by R different classifiers. Let X;
be the feature vector which is derived from input pattern Z presented
to the ith classifier. p(wj|x;) is the posterior probability of pattern Z
belonging to class w; given feature vector x;. Let c € (1,2, ---,L) be the

class to which input pattern Z is finally assigned. The following rules
can be used to determine c:

(1) Product Rule: Assume representations X}, x5, ---, X, are statisti-
cally independent. The input pattern is assigned to class ¢ such
that

R
c=arg max [] p(wj|x)).
=1

(2) Sum Rule: Besides the assumption of statistical independence
of the multiple representations used in the product rule, the
sum rule also assumes that posteriori probabilities computed
by the individual classifiers do not deviate much from the
prior probabilities. The sum rule assigns the input pattern to
class ¢ such that

R
c=arg max »  p(wj|x)).
J i=1

(3) The max rule approximates the mean of the posteriori prob-
abilities by the maximum value. The max rule assigns the
input pattern to class ¢ such that

€ = arg max max p(wj|x).
j 1

(4) The min rule is derived by bounding the product of posteriori
probabilities. The min rule assigns the input pattern to class ¢
such that

€ = arg max min p(wj|x)).
j 1

Prabhakar and Jain argued that the assumption of statistical
independence of the feature sets may not be true in a multimodal
biometric system [33]. They showed that their method would be
optimal in the Neyman-Pearson decision sense, if sufficient train-
ing data were available to estimate the joint densities. Bigun et al.
proposed a new algorithm for the fusion module of a multimodal
biometric system that took into account the estimated accuracy of
the individual classifiers in the fusion procedure [34]. In [34], the
authors used bayesian statistics when combining the scores of
different biometric matchers. The authors showed that their
multimodal system using image and speech data achieved higher
recognition rates than individual modalities. In [35], the authors
proposed a weighted sum fusion scheme to combine matching
scores of individual matchers. In [36], the authors proposed the
max-score and min-score approaches. In the max-score approach,
the maximum value among the scores of individual matchers is
regarded as the fusion result. In the min-score approach, the
minimum value among the scores of individual matcher is the
fusion result. Taigwan et al. [37] presented a deep face system
which used for unconstrained face recognition. In [38], the authors
proposed a novel deep learning algorithm which can be well
generalized to new classes and the verification task. In [39], the
authors proposed a novel method which reduce the inter-spectral
differences significantly. The method effectively improves the
matching between images taken different conditions. Lei et al.
[40] proposed a method named discriminant face descriptor (DFD)
which effectively enhances the discriminant ability of face
representation.
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3. Adaptive weighted fusion approach
3.1. Description of the approach

In this subsection, for simplicity of presentation, we assume
that there are only two kinds of samples i.e. two kinds of data
scores. The main steps of the adaptive weighted fusion approach
(AWFA) are as follows.

Step 1. Feature extraction is performed for all samples including
the test sample and the first and second kinds of samples.

Step 2. The scores of the test sample on the first kind of training
samples (i.e. distances of the test sample to the first kind of
training samples) are calculated and di] is used to stand for the
distance of the test sample to the i-th class. i=1,...,C and C is the
total number of classes. The scores of the test sample on the
second kind of training samples (i.e. distances of the test sample to
the second kind of training samples) are calculated and d2 is used
to stand for the distance of the test sample to the i-th class Define
B, = M h= Zrldf'r_1 2.

Step 3. d1 and d are normahzed to the range of 0to 1 by usmg

d] - (dl dl)/(dmax mm) and dz - (dmax dzl)/(dmax mm)
E’a"’ 5“‘“ are the maximum and minimum of d;, respectively.
d . das, are the maximum and minimum of d?, respectively.

Step 4. d1 are sorted in the order of §scend1ng and the sorted
result is recorded as el <el <..<el. dj,..d- are sorted in the
order of ascending and the sorted result is recorded as
e?<el<..<el Let w=(el—el)+(e3—e?), wy=(el—el)/ww, =
(e3 —e2)/w. Because e? =el =0, we also have Wi =el/(el+e3)
and w,=e2/(e}+e2). Let fi=p,wid} +p,wrd? (i=1,.,0. If
k=argminf;, then the test sample is assigned to the k-th
class.!

The algorithm of AWFA is described in Algorithm 1.
Algorithm 1.
1. Calculate g, == min(@....do)
2. Calculate

(dmax min) 1 2
3. Calculate f; = w1 d; +f,wad;.

4. If k=arg minf; then the test sample is assigned to the k-
th class.!

zdf 1'_12

d] = (d’}nax - dl)/(dzrjle& ! dgnm) = (dmax dlz)/

3.2. Rationale and advantages of the proposed approach

The rationales and advantages of our approach (i.e. AWFA) are
three-fold. First, it implements completely automatic weight
selection. Second, it exploits the confidence (ie. f,w,, g=1,2)
of the scores in a very proper way. Third, differing from the
majority of previous weighted score fusion approaches that assign
fixed or adaptive weights to different kinds of scores (data sources)
and do not take specific test sample into account, AWFA adaptively
determine optimal weights for each test sample. This allows the
dissimilarities between every test sample and each of the kinds of
data sources to be elaborately and flexibly considered.

It is notable that in AWFA the setting of w; and w, are very
reasonable owing to the following factor. el, el are the best and
secondary-best scores of the first kind of data sources. The study
has demonstrated that a great difference between the best and
secondary-best scores means reliable classification based on the
scores [41,42]. In other words, it is proper to regard that the
importance of classification results obtained using the first kind of
data sources is proportional to the value of el —el. Similarly, we
can think that the importance of classification results obtained
using the second kind of data sources is proportional to the value
of e2—e2. As a result, it is reasonable to take w; = (e} —el)/w and

w; = (€3 —e?)/w as weights of the first and second kinds of data
sources, respectively.

It should be pointed out that though Section 3.1 assumes that
there are only two kinds of samples, i.e. two kinds of data sources,
AWFA also can work for multiple kinds of data sources which is
briefly described below. Suppose that there are M kinds of data
sources. For a test sample, let ¢}, ..., tMbe the distances (i.e. scores)
of this test sample to the i-th class of the first to M-th kinds of
data sources, respectively. In Step 4 of AWFA, after el, ... e} are

2 —(r=1,..,M).
j=1 6‘)2 ( ’ ’ )

wi,..,Wy are respectively treated as the weights of the first
to M-th of data sources. Let f;= ZJ’-V’:1ﬂjwjd{:
(i=1,..,0),8, ="=mind.do p _ $C g r=1,2,...M If
k = arg min fi, then the test sample is a551gned to the k-th class.

obtained, Mweights are generated using w, =

kinds

1
The above description shows that for multiple kinds of data
sources, AWFA is also feasible.

It is notable that AWFA can directly work only under the
condition that for every kind of data sources the distances (i.e.
scores) of the test sample to each class are available. A typical case
where this condition is not satisfied is that only the distances (i.e.
scores) of the test sample to each training sample rather than to
each class are available. In this case, in order to apply AWFA, we
can use either of the following two schemes in advance. The first
scheme is to exploit the distances (i.e. scores) of the test sample to
each training sample to obtain the scores of the test sample to
every class in advance and then to apply the naive Steps 3 and 4 of
AWFA. The second scheme is to modify Steps 3 and 4 of AWFA as
follows.

Step 3. Let s} and s? denote distances (i.e. scores) of the test
sample to the i-th training samples from the first and second
kinds of data sources, respectively. s} and s?are normalized to
the range of 0-1 by using s} = (s},0—51)/(Shax —Sk,:,) and
$? = (SZax — 5P /(S2ax — S2in)- smax, s}mn are the maximum and
minimum of s}, respectively. s2,,,, s2. are the maximum and
minimum of s?, respectively.

Step 4. s} is sorted in the order of ascending and the sorted
result is recorded as g! < gl <... <g},. N is the total number of
the training samples from the first kind of data source. s? is
sorted in the order of ascending and the sorted result is
recorded as g3 < g3 <. <g%. Let wy =gl /(g +g3) and
Wy =g3/(g}+83). Let f; = fywis! +fowas? (i=1,..,N). If
k = arg minf;, then it is regarded that the test sample and the

max>

1
k-th training sample are from the same class.

4. Experimental results

In this section, we use five public datasets to test the perfor-
mance of the proposed fusion approach. They are the Hetero-
geneous Face Biometrics (HFB) dataset [43], the 2D plus 3D
palmprint dataset [44], the PolyU multispectral dataset [45], the
Georgia Tech face dataset [46] and the Labeled Faces in the Wild
(LFW) dataset [47]. To compare the performance of the proposed
fusion approach, we choose Product rule [35], Sum rule [35], Min
fusion [9], Max fusion [9] and “Average Score fusion” to conduct
comparison experiments. “Average Score fusion” represents the
score fusion approach in which the scores of the first and second
kinds of data sources are first obtained using our approach and
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Fig. 1. Some visible and infrared face images. The first row shows the visible face images. The second row shows the infrared face images.

Table 1
Classification error rate (%) of either of NIR and VIS images from the HFB dataset.

One training samples per subject PCA CRC Original samples SRC LRC Method in [39] DFD
NIR 7.35 533 10.33 4.72 5.56 4.67 2.67
VIS 12.00 10.00 17.00 8.89 10.55 7.00 5.67
Two training samples per subject PCA CRC Original samples SRC LRC Method in [39] DFD
NIR 5.50 4.50 8.50 4.00 4.50 3.50 2.00
VIS 7.50 3.50 8.00 3.00 4.00 2.50 1.50

then they are combined with equal weights for classification. The
score level fusion approaches presented in Section 2 are all based
on the posteriori probabilities. For simplicity of implementation, in
our experiments, when conducting comparison experiments we
use only the Product rule and Sum rule presented in [35] and the
Min rule and Max rule proposed in [7]. Based on these fusion
schemes, we use principal component analysis (PCA) [48], colla-
borative representation based classification (CRC) [49], sparse
representation based classifier (SRC) [50], linear regression classi-
fication (LRC) [51] as feature extraction procedure, respectively.

4.1. Experiments on the HFB

Heterogeneous Face Biometrics (HFB) [43] dataset contains 400
near infrared (NIR) images and 400 visual (VIS) images of 100
individuals, which are captured with various poses, expressions,
light conditions and glasses accessories. For each pair of NIR and
VIS images, they are not collected simultaneously and there are
misalignments. Fig. 1 shows images of one subject in the HFB
dataset.

Table 1 shows experimental results of either of NIR and VIS
images. Table 2 shows experimental results of the proposed fusion
approach and the conventional weighted matching score level
fusion approaches. We can see that our approach outperforms the
conventional weighted matching score level fusion. In all tables,
the first row shows the feature extraction procedure. “Original
samples” means that to directly use the original test and training
samples to perform classification and there is no feature extraction
procedure. Specifically, in Tables 1, 3, 5 and 8 (Tables 3, 5 and 8 are
shown later), the classification error rate of “Original samples” is
obtained by using the nearest neighbor classifier. In addition, for
all experiments on PCA, the nearest neighbor classifier is also used
to get the classification error rate.

From Table 1, we can see that DFD has the best classification
accuracy among all the comparison methods. We take the NIR as
an example. When we choose one training sample of each subject,
the accuracy of DFD is 97.33%, which is 2% (=97.33-95.33%) higher
than the closest competitor. From Table 2, AWFA has the best
classification performance. When we choose one training sample

Table 2
Classification error rate (%) of the proposed fusion approach and the conventional
weighted matching score level fusion approaches on the HFB dataset.

One training samples per subject PCA CRC Original samples SRC LRC

AWFA 221 167 4.67 111 1.67
Average score fusion 527 167 6.00 139 194
Sum rule 556 194 6.39 167 222
Product rule 500 222 5.56 1.67 194
Min rule 556 2.78 6.94 194 250
Max rule 583 3.05 722 222 278

Two training samples per subject PCA CRC Original samples SRC LRC

AWFA 150 0.50 3.00 0.50 1.00
Average score fusion 2.50 150 4.00 150 1.50
Sum rule 2,50 100 4.00 2.00 2.00
Product rule 3.00 100 4.50 150 1.50
Min rule 350 150 5.00 250 2.50
Max rule 3.50 150 5.00 2.50 2.50

Table 3

Classification error rate (%) of either of the 2D and 3D palmprint images.
Images PCA CRC Original samples SRC LRC
2D 9.65 3.82 9.58 3.55 535
3D 4.75 6.80 4.75 413 4.50

of each subject, the accuracy of AWFA based PCA is 97.79%, which
is 2.79% higher than the closest competitor.

4.2. Experiments on the 2D plus 3D palmprint dataset

The 2D plus 3D palmprint dataset includes 8000 samples
collected from 400 different palms [44]. Each palm has twenty
2D palmprint images and twenty 3D palmprint images. They were
captured in two separated sessions and in every session ten
samples of palmprint images of every palm were captured. It
should be pointed out that here a sample consists of a 3D ROI (i.e.
region of interest) and its corresponding 2D ROI. A 3D ROI is
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Fig. 2. Some 2D palmprint images from the 2D plus 3D palmprint dataset.

Table 4
Classification error rates (%) of the proposed fusion approach and the conventional
weighted matching score level fusion approaches on the 2D plus 3D palmprint
dataset.

Table 6

Classification error rates (%) of the proposed fusion approach and the conventional
weighted matching score level fusion approaches on the Multispectral dataset with
the score fusion of blue and near infrared images.

Fusion approaches PCA CRC Original samples SRC LRC Fusion approaches PCA CRC Original samples SRC LRC
AWFA 3.67 3.47 3.65 3.10 3.55 AWFA 3.26 3.10 4.97 2.96 3.15
Average score fusion 4.23 3.90 3.50 3.45 4.10 Average score fusion 4.10 3.20 5.10 3.46 3.98
Sum rule 4.67 4.10 3.68 3.15 3.98 Sum rule 4.02 3.15 517 333 410
Product rule 4.10 4.00 3.78 3.65 4.10 Product rule 3.95 3.50 5.23 3.67 4.23
Min rule 5.20 4.55 4.05 413 4.78 Min rule 4.56 3.87 5.68 412 4.98
Max rule 488 4.88 410 445 485 Max rule 487 412 5.79 4.65 512
Table 5 4.3. Experiments on the PolyU multispectral palmprint dataset

Classification error rate (%) of blue, green or near infrared images of the Multi-
spectral dataset.

Channel PCA CRC Original samples SRC LRC
B 5.67 3.27 4.80 3.46 410
G 5.62 3.43 7.90 3.16 3.67
1 3.57 3.70 5.23 3.50 3.96

represented by a binary file composed of 128x128 mean curve
ratios, and every 2D ROl is represented by a BMP format image file.
We used the first four samples (i.e. four 2D ROI images and four 3D
ROI images) collected in the first session as training samples and
regard all 10 samples collected in the second session as test
samples. We resized every image to a 32 by 32 matrix and
converted it into a 1024-dimensional unit vector with length of
1 before they were used to test the approaches. Fig. 2 shows some
2D palmprint images from the 2D plus 3D palmprint dataset.

Table 3 shows the experimental results of either of 2D and 3D
images. Table 4 shows the experimental results of the proposed
fusion approach and the conventional weighted matching score
level fusion approaches. We can see again that our approach is
superior to the conventional weighted matching score level fusion
in the classification error rate.

The PolyU multispectral palmprint dataset was collected from
250 subjects (55 women and 195 men) using the palmprint
acquisition device developed by PolyU [45]. Each subject provided
palmprint images of both the left and right palms. There were four
illuminations, i.e. red, green, blue and near infrared illuminations,
so there were four kinds of palmprint images, i.e. red, green, blue,
and near infrared palmprint images. These multispectral palm-
print images were collected in two separate sessions. In each
session, every palm provided 6 palmprint images at each spectral
band. As a result, for each spectral band, the dataset contained
6000 images from 500 different palms. In the following experi-
ments, we use the first three images of each spectral band of a
palm from the first session as training samples and exploit all six
images of each spectral band of a palm from the second session as
testing samples. The resolution of the palmprint image is
352 x 288. The 128 x 128 region of interest (ROI) domain is
extracted from each palmprint image using the approach proposed
in [52]. The ROI images are resized to 32 x 32 images . Fig. 3 shows
some palmprint images from the PolyU multispectral palmprint
dataset.

Table 5 shows classification error rates of the blue, green or
near infrared images of the Multispectral dataset, respectively.
Table 6 shows the classification error rates of the proposed fusion
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Fig. 3. Four ROI images of a same palm. The first, second, third and fourth ROI images were extracted from the red, green, blue and near infrared images, respectively.

Table 7

Classification error rates (%) of the proposed fusion approach and the conventional weighted matching score level fusion approaches on the Multispectral dataset with the

score fusion of green and near infrared images.

Fusion approaches PCA CRC Original samples SRC LRC
AWFA 2.63 1.10 21 0.96 1.68
Average score fusion 411 1.23 2.33 1.26 2.10
Sumrule 4.01 1.20 247 135 222
Product rule 4.26 1.33 2.46 1.66 2.64
Min rule 4.53 1.84 2.57 1.87 218
Max rule 4.66 1.76 2.68 231 2.68
Fig. 4. Some image samples from the GT face dataset.
Table 8
Classification error rate (%) of the R, G, B color channels of the GT face dataset.
PCA CRC Original samples SRC LRC

R-channel 44.00 44.40 48.40 38.20 38.20
G-channel 50.40 46.80 52.20 40.20 41.40
B-channel 54.80 50.20 56.40 43.20 46.40

approach and the conventional weighted matching score level
fusion approaches on the Multispectral dataset with the score
fusion of blue and near infrared images. Table 7 shows the
classification error rates of the proposed fusion approach and
the conventional weighted matching score level fusion approaches
on the Multispectral dataset with the score fusion of green and
near infrared images. From the experimental results, we can see

that AWFA performs better than the conventional weighted
matching score level fusion approaches.

4.4. Experiments on the Georgia Tech face dataset

The Georgia Tech (GT) face dataset was built at Georgia
Institute of Technology. This dataset contains images of 50 people
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taken in two or three sessions. Each subject in the dataset is
represented by 15 color JPEG images with cluttered background
taken at resolution 640 x 480 pixels. The pictures show frontal
and/or tilted faces with different facial expressions, lighting con-
ditions and scales. Each image was manually labeled to determine
the position of the face in the image. In our experiments, we resize
all images to 60 x 50 pixels. Fig. 4 shows some image samples
from the GT face dataset. The first five images of each subject are
used as training samples and the rest samples are taken as test
samples.

Table 8 shows classification error rates of the R, G, B color
channels, respectively. Tables 9-11 show the classification error
rates of the proposed fusion approach and the conventional
weighted matching score level fusion approaches based on the
score fusion of two color channels from the original three color

Table 9

channels, respectively. From the experimental results, we can see
that AWFA performs better than the conventional weighted
matching score level fusion approaches.

4.5. Experiments on the LFW dataset

Labeled Faces in the Wild (LFW) [47] is a database collected
from the web for studying the problem of unconstrained face
recognition. There are 13,233 images from 5749 different people,
with large pose, occlusion, expression variations. Each face has
been labeled with the name of the person pictured. 1680 of the
people pictured have two or more distinct photos in the dataset.
The only constraint on these faces is that they were detected by
the Viola—Jones face detector. In our experiments, we choose 1251
images from 86 people images [47]. Each image was manually

Classification error rates (%) of the proposed fusion approach and the conventional weighted matching score level fusion approaches on the GT face dataset based on the

score fusion of the red and green channels.

Fusion approaches PCA CRC Original samples SRC LRC
AWFA 40.20 39.60 46.60 35.20 36.60
Average score fusion 43.00 41.20 47.20 36.20 37.20
Sum rule 43.20 40.80 47.60 36.40 37.80
Product rule 42.80 41.60 47.20 36.60 36.80
Min rule 43.60 42.20 47.60 37.20 37.20
Max rule 43.80 42.60 47.80 37.80 38.00
Table 10

Classification error rates (%) of the proposed fusion approach and the conventional weighted matching score level fusion approaches on the GT face dataset based on the

score fusion of the blue and green channels.

Fusion approaches PCA CRC Original samples SRC LRC

AWFA 46.20 42.20 48.60 37.20 38.20
Average score fusion 47.80 43.80 49.20 38.60 39.60
Sum rule 47.40 43.60 49.60 38.40 39.40
Product rule 47.60 44.20 50.00 39.00 39.00
Min rule 48.20 44.60 50.20 39.20 40.20
Max rule 48.00 44.80 50.60 39.40 40.60

Table 11

Classification error rates (%) of the proposed fusion approach and the conventional weighted matching score level fusion approaches on the GT face dataset based on the

score fusion of the red and blue channels.

Fusion approaches PCA CRC Original samples SRC LRC

AWFA 42.00 42.20 45.20 36.00 36.20
Average score fusion 43.20 43.20 46.40 37.20 37.60
Sum rule 43.60 43.00 46.20 37.40 37.80
Product rule 44.00 43.60 46.00 37.00 37.40
Min rule 43.60 43.80 47.20 37.80 38.00
Max rule 44.20 44.00 47.60 38.00 38.20

Fig. 5. Sample images of one individual from the LFW dataset.
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Table 12
Classification error rate (%) of the R, G, B color channels of the LFW face dataset.

PCA CRC Original samples SRC LRC
R-channel 74.07 64.48 75.49 61.28 65.19
G-channel 75.49 66.79 76.20 62.52 65.36
B-channel 74.78 65.19 76.38 62.70 65.72

Table 13

Classification error rates (%) of the proposed fusion approach and the conventional weighted matching score level fusion approaches on the LFW face dataset based on the

score fusion of the red and green channels.

Fusion approaches PCA CRC Original samples SRC LRC

AWFA 66.25 63.59 66.61 55.24 56.66
Average score fusion 66.96 65.19 68.21 57.19 57.19
Sum rule 68.21 65.72 67.67 57.37 57.73
Product rule 68.74 65.54 67.14 57.55 58.79
Min rule 70.52 67.14 69.63 59.15 59.15
Max rule 69.80 68.56 70.87 58.79 60.00

Table 14

Classification error rates (%) of the proposed fusion approach and the conventional weighted matching score level fusion approaches on the LFW face dataset based on the

score fusion of the blue and green channels.

Fusion approaches PCA CRC Original samples SRC LRC

AWFA 66.25 64.12 68.56 57.19 59.15
Average score fusion 67.85 65.72 69.27 58.61 61.63
Sum rule 67.32 65.54 69.63 58.44 61.46
Product rule 67.67 66.25 69.98 58.97 62.70
Min rule 68.20 67.67 71.23 59.15 63.23
Max rule 68.03 68.74 71.58 59.33 63.59

Table 15

Classification error rates (%) of the proposed fusion approach and the conventional weighted matching score level fusion approaches on the LFW face dataset based on the

score fusion of the red and blue channels.

Fusion approaches PCA CRC Original samples SRC LRC

AWFA 63.94 62.17 65.19 55.95 59.15
Average score fusion 65.19 63.23 66.43 57.19 60.57
Sum rule 65.54 63.59 66.25 57.37 61.81
Product rule 64.12 63.77 66.07 57.02 61.46
Min rule 66.61 64.83 67.14 57.73 61.99
Max rule 66.25 65.01 67.67 58.08 62.17

cropped and resized to 40 x 50 pixels. The sample images of one
individual from the LFW database are showed in Fig. 5. The first
eight images of each subject as training samples and the rest
samples are taken as test samples

Table 12 shows classification error rate of the comparison
methods on the R, G, B color channels of the LFW face dataset,
respectively. Tables 13-15 show the classification error rate of the
comparison fusion methods with the score fusion of two color
channels from the three color channel, respectively. From the
experim conventional weighted matching score level fusion meth-
ods again.ental results, we can see that AWFA outperforms the

Table 12 shows classification error rates of the R, G, B color
channels, respectively. Tables 13-15 show the classification error
rates of the proposed fusion approach and the conventional
weighted matching score level fusion approaches based on the

score fusion of two color channels from the original three color
channels, respectively. From the experimental results, we can see
that AWFA performs better than the conventional weighted
matching score level fusion approaches again.

5. Conclusions

The adaptive weighted fusion approach proposed in this paper
can automatically set optimal weights for every test sample and
it does not need any manual setting. As a result, this approach
can well integrate the advantages of the complementary data
sources. The extensive experiments demonstrate that the
devised approach outperforms previous state-of-the-art score
fusion approaches.
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