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Abstract

The key to feature fusion for classification is to take advantage of the discriminative

and complementary information from different feature sets, which can be represented

as internal (within each feature set) or external structures (across different feature sets).

Traditional approaches tend to preserve either internal or external structures via certain

feature projection. Some early attempts consider both structures implicitly or indirectly

without revealing their relative importance and relevance in feature fusion. We pro-

pose a new unsupervised heterogeneous structure fusion (HSF) algorithm that is able

to jointly optimize two kinds of structures explicitly and directly via unified feature

projection. Specifically, the internal structure is represented based on Locality Preserv-

ing Projection (LPP), and the external structure is captured by Canonical Correlation

Analysis (CCA). The objective function of HSF combines two feature structures in

a closed form which can be optimized alternately via linear programming and eigen-

vector methods. The HSF solution provides not only the optimal feature projection

but also the weights that encode the relative importance between two kinds of feature

structures. The experimental results on image classification, face recognition, shape

analysis and infrared target recognition demonstrate the effectiveness and efficiency of

HSF compared with state-of-the-art methods.
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1. Introduction

Features play an important role in pattern recognition and machine learning which

can be extracted from raw data by many methods. Multiple feature sets describe differ-

ent characteristics or aspects of the same object or pattern. The goal of feature fusion

for classification is two-fold: to enhance the discriminability between different classes5

and to reduce the feature redundancy via dimensionality reduction [1, 2, 3, 4, 5, 6]. It

is a challenge for object classification that feature fusion finds the discriminability of

the pattern variability caused by some factors such as background clutter and nonlinear

variations in object appearance due to occlusions or the change of pose and illumina-

tion [7].10

Usually, feature fusion has three steps: selection, extraction and combination [8, 9].

First, useful feature channels are selected according to some quantitative measure [10].

Second, salient features are extracted by space projection to reduce the redundancy and

to improve the discriminability, for example, principal component analysis (PCA) [1],

independent component analysis (ICA) [11], linear discriminant analysis (LDA), lo-15

cality preserving projection (LPP) [12] and canonical correlation analysis (CCA) [13].

Third, multiple features are combined in a serial or parallel fashion [1]. Recent re-

search efforts tend to integrate those three steps into a unified formulation and achieve

feature fusion in a joint optimization process. For example, several extended CCA

methods [14, 4, 15], subspace learning [16], discriminant learning [17] and multiview20

spectral embedding [6] simultaneously accomplish these three steps with improved

classification performance. Additionally, those feature fusion methods also consider

other factors including the local structure among different feature sets with respect to

the class labels [6, 15, 4], intra-class and inter-class neighborhood geometries [16, 17].

Specifically, inter and intra-variability of feature sets are considered for feature fusion25

in [18, 14]. However, due to the lack of explicit characterization, the relationship be-

tween those feature variabilities is learned implicitly without revealing their relative

importance and relevance in the task of pattern recognition and object classification.

To improve the discriminability and efficacy of feature fusion, we propose a new

unsupervised heterogeneous structure fusion (HSF) algorithm which explicitly pre-30
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serves and balances the two kinds of feature variabilities by finding a unified feature

projection. In the proposed HSF algorithm, we refer inter and intra-variability of fea-

ture sets as the external and internal feature structures, respectively, which are jointly

formulated in one optimization framework. The objective function of HSF combines

two features structures in a closed form which can be optimized alternatively via lin-35

ear programming and eigenvector methods. The HSF solution provides not only the

optimal feature projection but also the weights coefficients that encode the relative im-

portance and relevance between two kinds of feature structures.

The rest of the paper is organized as follows. Section 2 briefly introduces the back-

ground of feature fusion. Section 3 presents the formulation and optimization of the40

proposed HSF algorithm. Section 4 details a comprehensive performance evaluation

of HSF in one simulation experiment and four applications, i.e., image classification,

face recognition, shape analysis, infrared target recognition, where HSF is thoroughly

examined and compared with different fusion methods as well as the state-of-the-art

algorithms in each application. Finally, the conclusions are summarized in Section .45

2. Related Works

Feature fusion can be performed in the context of supervised or unsupervised learn-

ing, depending on the availability of the label data. Although this paper is mainly fo-

cused on unsupervised feature fusion, our research is inspired by supervised learning

methods in terms of how to characterize the relationship between different feature sets.50

We provide a brief review of feature fusion in terms of two different learning paradigms

in the following.

Supervised learning methods tend to balance the effect between the label informa-

tion and the original feature distribution. However, the label information is the main

cue for fusing features by maximizing the class separability and minimizing the class55

divergence, like classic LDA. For example, the discrimination information is learned

by considering inter-class “local” and intra-class “global” correlation of feature sets for

visual recognition [19]. The class-dependent neighborhood information is incorporated

into CCA in order to consider the local structure for multi-view dimensionality reduc-
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tion [20]. In [21], both intra-class and inter-class geometries are taken into considera-60

tion in multi-view dimensionality reduction for scene classification where neighboring

samples with different labels are used to preserve feature discriminability. In [22, 23],

local patches are constructed for cartoon synthesis by fusing multiple features guided

by labeling information.

Unsupervised learning methods focus on the original feature distribution and try to65

capture and preserve certain discriminant structure. For example, local structure de-

scription representing the relationship among neighbors, a kind of internal structure, is

introduced in [4, 6, 24]. The maximum correlation among feature sets that is an often

used to describe the external structure in [4, 5]. In [1, 4, 24, 4, 5, 18, 14, 25], multiple

feature sets are projected into a unified low-dimensional space while preserving the in-70

ternal or external feature structures but without explicitly revealing their relationship.

In [18, 14], the projection matrix of ICA is updated by CCA which implicitly considers

the intra-variability and indirectly describes the inter-variability among features. From

different perspectives of feature analysis, these methods perform well in many pat-

tern recognition problems, including classification, visualization, pose estimation, face75

recognition, image retrieval, video annotation, document clustering, and brain function

analysis. However, these methods do not explicitly represent the relationship between

the internal and external structures. In other words, it is unclear what is the relative

importance and relevance between two different structures in feature fusion.

As mentioned above, prior research has demonstrated the value of either internal80

or external structure for feature fusion, still their relationship has yet been explicitly

revealed, mainly due to the incompatibility between their representations. The internal

structure focuses on the samples within each feature set, while the external one is de-

fined among multiple feature sets. The main contribution of this work is to explicitly

and directly mine the relationship between internal and external structures by finding85

a unified feature projection that not only preserves the two kinds of structures and but

also allows them to complement each other in an optimal way. Compared with our pre-

vious work [24, 25] which only considers the internal structure, this HSF algorithm is

the first attempt (to the best of our knowledge) to jointly exploit both feature structures

in classification problems.90
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3. Heterogeneous Structure Fusion (HSF)

The main idea of HSF is shown in Fig. 1. To the best of our knowledge, this

work is the first attempt to explicitly represent both the internal and external feature

structures to jointly optimize them in a unified framework. As the result, we can find

the optimal feature projection along with the appropriate weights to balance the two95

kinds of feature structures during fusion. In the following, we introduce the metrics

used to characterize two kinds of feature structures. Then we present the formulation of

HSF along with the optimal solution by exploring and exploiting their relationship via

integrated linear programming and eigenvector methods. We also provide the pseudo

code of the proposed HSF algorithm.100

Figure 1: The illustration of our main research idea, where the internal and external feature structures are

represented by LPP-based and CCA-based approaches, respectively which are unified in one projection

optimization framework. W represents the weighted collection of the individual internal structure W (k) of

each feature set and O denotes the external structure among all feature sets.
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3.1. Structure metrics

Given M data samples each of which is represented by N -channel Dk-dimensional

feature vectors (k = 1, 2, ..., N), we can encapsulate the input data and normalize their

dimension by PCA in a matrix X = [X1, X2, ..., XN ]T (ND × M ), where Xk =

[xk1, xk2, ..., xkM ]T is the kth feature channel where xkl ∈ RD is the kth-channel105

feature of the lth sample. The feature projection of X is represented by Y which is

expected to preserve certain feature structure, i.e., the correlation across feature sets

and the neighbor structure in each feature set. Given a projection matrix A (ND × d),

the input data X is projected to the fused data Y (d × M ) via Y = ATX . The goal

of HSF is to find the optimal A that preserves internal and external feature structures110

with appropriate weighting coefficients. We will discuss some structure metrics used

for two kinds of feature structures below.

The internal structure is represented by the similarity between data samples within

the same feature set. Although the Euclidean distance metric is often used for com-

puting the data similarity, it is not suitable here due to the lack of the consideration

of possible disconnected distribution in the feature space. On the other hand, the χ2

metric is more appropriate to capture the internal structure because it involves a nor-

malization factor to cope with different distribution scales. Thus we adopt the χ2 metric

as one option here due to easiness and convenience [26]. Moreover, when a feature is

defined in a relative coordinate system, the feature vectors extracted from different data

samples may be mis-aligned (with different ordering). For example, the shape context

(SC) feature is extracted with a specific starting point that is different across shape

data, leading to mis-matched feature vectors. The Dynamic programming (DP) metric

proposed in [27] can be used to search for a meaningful match between two feature

vectors with the least matching cost. Thus the DP metric is used as an alternative to

χ2 in this work for shape analysis. The similarity matrix for the kth feature channel

denoted by W (k) = {W (k)
ij |i, j = 1, 2, ...,M} is computed as follows:

W
(k)
ij =

 e
−dis(xki,xkj)

σ2 , xki ∈ Nxkj

0 else,
(1)

where dis(·) is measured by χ2 or DP depending the nature of feature extraction; xki
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and xkj are the kth-channel feature vectors of the ith and jth data samples, respec-

tively; Nxkj
is the neighborhood of xkj ; and σ adjusts the sensitivity of similarity115

measure. The set of similarity matrices, {W (k)|k = 1, ..., N}, is used collectively as

the measurement of the internal structure of N feature sets. This internal structure de-

scribes the distributional characteristics of each feature set, and it plays an important

role in many pattern recognition tasks [24, 25].

On the other hand, the structure represents the correlation and the distributional

relationship among N feature sets. Specifically, if any two feature sets are Xp and Xq ,

we define S(Xp, Xq) (p, q = 1, 2, ..., N) to quantify the correlation between Xp =

[xp1, xp2, ..., xpM ]T and Xq = [xq1, xq2, ..., xqM ]T , which can be obtained by finding

feature relevance among different feature sets as introduced in CCA [16] as:

S(Xp, Xq) = Tr(QT
pqP

T
p PqQqp), (2)

where two orthonormal basis matrices Pp ∈ RD×M and Pq ∈ RD×M are involved.120

To obtain these orthonormal basis matrices, we decompose the feature set matrices

XpX
T
p = PpΛpP

T
p and XqX

T
q = PqΛqP

T
q where Λp and Λq respectively are the

diagonal matrices of the corresponding eigenvalues. To measure the correlation of the

feature sets, the SVD of PT
p Pq ∈ RM×M is QpqΛpqQ

T
qp, where Λpq is the diagonal

matrix of singular values.125

3.2. Structure fusion

Similar to LPP [12, 28], if the data samples are close in the high-dimensional data

space, we want the projected samples are still close in the low dimensional subspace.

This idea can be further extended to the fusion of the internal structure extracted from

multiple feature sets where we assume a linear relationship among them (represented

by a set of normalized weights {ω1, ω2, ...ωN}) in term of structure fusion based on lo-

cality preserving projection (SFLPP) [25], where a LPP-based neighborhood structure

energy term is introduced to represent the internal structure for feature fusion. Thus the

projection matrix A that only considers the internal feature structure can be optimized
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via:

(A,ω) = arg min
ATXXTA=I

∑
i,j

[∥ ATxi −ATxj ∥2

·(ω1W
(1)
ij + ...+ ωNW

(N)
ij )],

subject to ωk > 0 and
N∑
k

ωk = 1,

(3)

where xi and xj are two column vectors of X representing the concatenated feature

vectors (ND × 1) for ith and jth data samples, respectively. We factorize (3) into a

matrix representation as

(A,ω) = arg min
ATXXTA=I

Tr(ATXLXTA),

subject to ωk > 0 and
N∑
k

ωk = 1,
(4)

where L = V − W , Vii =
∑

j Wij ; W = {Wij |i, j = 1, ...,M} and Wij =

ω1W
(1)
ij + ... + ωNW

(N)
ij . W encodes the collection of internal structures from N

feature channels. We further convert (4) into a maximization problem as:

(A,ω) = arg max
ATXXTA=I

Tr(ATXWXTA).

subject to ωk > 0 and
N∑
k

ωk = 1,
(5)

For convenience, we define an objective function related to the internal structure as:

Jint = Tr(ATXWXTA), (6)

which will be further combined with the external structure in the following.

In (2), Pp and Pq are normalized by PpR
−1
p and PqR

−1
q (Rp and Rq respectively

are the upper triangular matrixes of ÃTPp and ÃTPq). We represent the correlation of

two projected feature sets via Ã ∈ RD×d by extending (2) as:

SÃ(Xp, Xq) = Tr(QT
pqP

T
p ÃÃTPqQqp), (7)

which is used to optimize the correlation among N feature sets as

Ã = arg max
N∑

p=1

N∑
q=1

SÃ(Xp, Xq)

= arg maxTr(ÃT ÕÃ),

(8)
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where Õ ∈ RD×D represents the correlation among all N features sets (i.e., the exter-

nal structure) as defined below:

Õ =
N∑

p=1

N∑
q=1

[(PpQpq − PqQqp)(PpQpq − PqQqp)
T ], (9)

from which we define an objective function pertaining to the external structure as:

Jext = Tr(ATOA), (10)

where,because Ã can project any feature set in term of CCA, A = [Ã, ..., Ã]T , A ∈

RND×d can be defined for all feature sets and O ∈ RND×ND which can be defined

below:

O =


Õ . . . Õ
...

. . .
...

Õ . . . Õ

 .

Based on the non-negativity in (5), (6), (8) and (10), we construct our new HSF

objective function by unifying Jint and Jext together as:

(A,ω, η) = arg max
ATXXTA=I

(η1Jext + η2Jint)

= arg max
ATXXTA=I

(η1Jext + η2 Tr(A
TXWXTA))

= arg max
ATXXTA=I

Tr(AT (η1O + η2XWXT )A)

= arg max
ATXXTA=I

Tr(AT (η1O + η2X(ω1W
(1)

+ ...+ ωNW (N))XT )A)

= arg max
ATXXTA=I

Tr(AT (η1O

+ η2ω1XW (1)XT + ...

+ η2ωNXW (N)XT )A),

subject to ωk > 0,

N∑
k

ωk = 1, η1:2 > 0 and η1 + η2 = 1,

(11)

where η1 and η2 two weights to balance two objection functions; ω1:N and η1:2 are

independent and can be merged into a new set of weights that encode the relative im-

portance and relevance between two kinds of structures and among multiple feature
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sets, as shown below:

µ = η ◦ ω, (12)

where µ = [µ1, µ2, ..., µN+1]
T , “◦” is the Hadamard product, η = [η1, η2, ..., η2]

T ∈

R(N+1), and ω = [1, ω1, ω2, ..., ωN ]T ∈ R(N+1)). Then (11) is converted to:

(A,µ) = argA max
ATXXTA=I

Tr(AT (µ1O + µ2XW (1)XT

+ ...+ µN+1XW (N)XT )A),

subject to 1 ≥ µk > 0.

(13)

If µ is fixed, then (13) is reduced to:

A = argA max
ATXXTA=I

Tr(ATZA), (14)

where

Z = µ1O + µ2XW (1)XT + ...+ µN+1XW (N)XT , (15)

where Z shows the non-linear relationship between the internal structures ({W (1),W (2), ...,W (N)})

and the external structure (O). The optimization of (14) is a generalized eigenvalue

problem where the eigenvectors corresponding to the largest eigenvalues are used to

construct the projection matrix A. If the value of A is fixed, (13) becomes

µ = argA max
ATXXTA=I

µTH, (16)

where

H =[Tr(ATOA),Tr(ATXW (1)XTA),

...,Tr(ATXW (N)XTA)]T .
(17)

The optimization of (16) is based on linear programming. Therefore, the solution to

HSF is obtained by iteratively alternating between the eigenvector (14) and linear pro-

gramming (16) methods.130

3.3. HSF Algorithm

The pseudo code of the proposed HSF algorithm is presented in Algorithm 1 which

involves three steps. The first step (form line 1 to line 3) computes the similarity matrix
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to represent the internal structure. The second step (from line 4 to line 8) computes two

orthonormal basis matrices Pp and Pq . The third step includes O (the description of the135

external structure) updating (from line 10 to line 13), µ solving by linear programming

(line 14) and A solving by eigenvector methods (line 15) in each iteration.

Algorithm 1 The pseudo code of the HSF algorithm

Input: A = I and X (input data)

Output: fusion feature Y = ATX

1: for 0 < i < N do

2: Computes W (i) according to (1)

3: end for

4: for 0 < p < N do

5: for 0 < q < N do

6: Computes Pp and Pq in terms of XpX
T
p = PpΛpP

T
p and XqX

T
q = PqΛqP

T
q

7: end for

8: end for

9: for 0 < i < T (T is the iteration number) do

10: Rp and Rq respectively are computed by the upper triangular matrixes of ATPp

and ATPq

11: Pp and Pq are normalized by PpR
−1
p and PqR

−1
q

12: QpqΛ0Q
T
qp is the SVD of PT

p Pq ∈ RM×M

13: Computing O according to (9).

14: Solving µ by optimizing (16)

15: Solving A by optimizing (14)

16: end for

4. Experiments

The proposed HSF algorithm is evaluated one simulated data experiment and four

real-data classification problems, i.e, image classification, face recognition, shape anal-140

ysis, and infrared target recognition. The experiment of simulated data allows us to
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visualize and evaluate the feature structures of different fusion methods by comparing

with the intrinsic data structure. In the four real-data classification experiments, the

classification performance is demonstrated on the different application data. The the

χ2 metric is used in computing (1) in three cases, and the DP metric is used to find145

the best matching between shapes in shape analysis. Table 1 lists databases along with

features used for classification. Specifically, we examine the performance of HSF in

two settings. In the first setting, we compare HSF with three recent fusion algorithms,

namely, structure fusion based on locality preserving projection (SFLPP) [24], canon-

ical correlation analysis (CCA) [5], and multiview spectral embedding (MSE) [6] in150

terms of their effectiveness on clustering or classifcation. In the second setting, we

compare HSF with the state-of-the-art algorithms in each of classification experiments

to demonstrate the advantages of heterogeneous feature structure fusion for real classi-

fication problems. Normalized Mutual Information (NMI) [29] is used to evaluate the

quality of clustering after fusion by involving data labels. The value of NMI is from 0155

to 1, where a larger value represents a better clustering result. For reliability, NMI is

averaged over 10 runs for each feature fusion method. Moreover, the classification er-

ror rate or recognition rate is used to evaluate the classification performance, where the

nearest neighbor (NN) classifier is used with leave-one-out cross validation (LOOCV)

or different training/testing data.160

4.1. Experiments on simulated data

For the purpose of generalization, We use a 200-dimension multivariate Gaussian

distribution to create 2 random datasets to simulate two feature channels, and these

data have 5 classes as shown in Fig. 2. The intrinsic data structure is visualized by the

similarity matrix W0 computed from the ground-truth class labels. We compare W0

with the similarity matrices of fused features from four fusion methods, i.e., Wi (i =

1 : HSF, i = 2 : SFLPP, i = 3 : CCA, i = 4 : MSE) in Fig. 3. To further evaluate

the effect of HSF, we use the deviated degree [15] between S (the covariance matrix of

W0) and Si (i = 1, 2, 3, 4) (the covariance matrix of Wi) which is defined in below:

δi =∥ Si − S ∥F / ∥ S ∥F , (18)

12



Figure 2: Multivariate Gaussian distributions (the dimension is 200) are used to create 5-class random data.

µi,δi (i=1,2,3,4) are respectively the mean and variance of four 50-dimensional multivariate Gaussian dis-

tributions which are used to construct the 5-class input data as shown. Finally, we create two data sets to

simulate two feature channels where each set has 100 samples with 20 samples in each class.

where ∥∥F is the Frobenius norm. A smaller deviated degree indicates better preser-

vation of the intrinsic data structure after feature fusion which is a necessary condition

for accurate classification. As shown in Fig. 4, HSF outperforms other fusion meth-

ods by better preserving the intrinsic structure with the smallest deviation nearly at all165

dimensions. The following real-data experiments further confirm this observation.

Our current hardware is Intel Core(TM) i5 processor, Dual-kenel 1.7GHzand 4G

memory. Although these time are different to run these fusion methods in the different

database, the relation of the time is similar each other. Therefore, we report the time

for feature learning and fusing on the simulated data for fairness. Table 2 is shown as170

following. The executive time of HSF (the proposed method) is obviously longer than

that of SFLPP or CCA for feature learning, while the executive time of HSF is almost

similar to that of SFLPP or CCA for feature fusing. The reason is that HSF reformulate

SFLPP and CCA for describing the internal and external structure in feature learning,

and all methods except MES need almost cost the same time for feature projection in175

feature fusing. MES do not project the original features, so time for feature fusion is 0.
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Figure 3: The intrinsic data structures after feature fusion are represented by similarity matrices of the fused

features. Above is the comparison of (a)ground-truth data structure with the one after fusion: (b) HSF result,

(c) SFLPP result, (d) CCA result and (e) MSE result. (The dimension of fused features is 5.)

Databases
Classes/Sample

Number Each Class
Size Image Size Extracted Features

COIL20 20/72 1440 32× 32 HOG [30] and LBP [31]

ORL 40/10 400 64× 64 HOG , LBP and Eigenface

Kimia 18/12 216 −− SC [27] and CPDH [32]

MPEG-7 70/20 1400 −− SC, CPDH and IDSC [26]

Comanche

FLIR database

10/(from

874 to 1518)
13859 40× 75 HOG and LBP

Table 1: Database and the extracted feature in experiments.
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Figure 4: The deviated degrees of the four feature fusion methods (HSF, SFLPP, CCA and MSE) are com-

pared in dimensions ranging from 5 to 45 on the simulated data.

Method HSF SFLPP CCA MES

Time(ms) for feature learning (99 samples) 1454.448 1330.766 38.792 2007.289

Time(ms) for feature fusing (1 samples) 0.119 0.367 0.239 0

Table 2: Executive time of the different fusion methods on the simulated data.

4.2. Image Classification

In this case, HOG and LBP are used for image classification where four feature

fusions are compared. Figure 5 shows the clustering and classification results of four

methods in COIL20. Because of the out-plane rotation of the object in different images,180

the performance of MSE is unstable and is even worse than the case without fusion.

The performance of HSF is the best among four. The average NMI of HSF is 81.19%,

and the average recognition rate of HSF is 98.96%. Table 3 shows the recognition

accuracy averaged over different dimension numbers (from 10 to 50) for each feature

fusion algorithm in COIL20.185

We also compare HSF with some most recent image classification algorithms. For

example, correlation-based similarity discriminant analysis (CSDA) maximizes the dif-

ference between within-class and between-class correlation [33]. The enhanced Fisher

discriminant criterion (EFDC) explicitly incorporates the intra-class variation into the

Fisher discriminant criterion to build a robust and efficient dimensionality reduction190

function [34]. Fractional-order embedding canonical correlation analysis (FECCA)
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Figure 5: Experimental result in COIL20, where (a) is the clustering result comparison and (b) is the classi-

fication accuracy comparison.

Method CCA MSE SFLPP HSF

Average

recognition

rate(%)

98.57 91.60 95.27 98.96

Table 3: Average recognition accuracy of four fusion methods in different feature dimension in COIL20.

corrects the eigenvalues and singular values in the corresponding covariance matrices,

then constructs fractional-order within-set and between-set scatter matrices for classi-

fication [15]. Although these methods utilize both internal and external structures to

improve fusion performance, they do not explicitly uncover the underlying nonlinear195

relationship between the heterogenous structures. In contrast, HSF can reveal this re-

lationship via a unified objective function which is applied to optimize fusion efficacy.

Table 4 shows the best recognition accuracy of each of four methods under a specific

dimension where HSF is better than others.

4.3. Facial Recognition200

Similar to the previous experiment, four feature fusion algorithms are evaluated

based on HOG and LBP for facial recognition in ORL. Figure 6 shows the clustering

and classification results where the performance of HSF is best again. The average
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Methods CSDA FECCA EFDC HSF

Training/Testing(%)

17/83 95.50/90 −− −− 95.65/55

42/58 −− 98.59/66 −− 99.50/100

50/50 −− −− 94.72/21 99.50/100

LOOCV −− −− −− 100/45

Table 4: Results/dimension of recent state-of-the-art image classification methods compared with HSF on

different training/testing data in COIL20.

Figure 6: Experiment results in ORL: (a) is the clustering result comparison and (b) is the classification

accuracy comparison.

NMI of HSF is 84.41%, and the average recognition rate of HSF is 95.11%. Table 5

shows the recognition accuracy of four fusion methods averaged different dimension205

numbers (10 to 50).

Several recent facial recognition algorithms are used here for comparison. For ex-

ample, cascaded generalized canonical correlation analysis (GCCA) fuses information

to form a single feature vector [35]. The Robust Dimensionality Reduction Algorithm

with Local and Global Structure (RLGS), based on a novel adaptive weighting mech-210

anism, was proposed in [36]. The joint Laplacian feature weights learning framework

(JLFWL), which automatically determines the optimal size of the feature subset and se-

lects the best features corresponding to a given adjacency graph, was proposed in [37].
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Methods CCA MSE SFLPP HSF

Average

recognition

rate(%)

92.36 89.28 89.44 95.11

Table 5: Average recognition accuracy of four fusion methods in different feature dimension in ORL.

Methods GCCA RLGS JLFWL HSF

Training/Testing(%)

20/80 92.50/72 −− −− 91.81/45

50/50 −− 96.89/42 −− 98.00/65

60/40 −− −− 97.50/416 98.13/65

LOOCV −− −− −− 99.25/65

Table 6: Results/dimension of recent state-of-the-art facial recognition methods compared with HSF on

different training/testing data in ORL.

These methods still focus on either the internal structure or the external structure of the

data, whereas HSF can fuse different structures for data classification. Table 6 shows215

the best recognition accuracy for each of four methods under certain dimension where

the performance of HSF is still better than RLGS and JLFWL. When the training data

(20%) are much less than the testing data (80%), GCCA is slightly better than HSF

which requires sufficient training data to learn intrinsic feature structures. However,

HSF does demonstrate promising results with sufficient training data are available.220

4.4. Shape Analysis

In this case, the SC feature [27] and contour points distribution histogram (CPDH)

[32] are extracted from shape contours from Kimia and MPEG-7, and then these fea-

tures are fused by four methods, SFLPP, CCA, MSE and HSF. Figure 7 shows the

clustering and classification results of four fusion methods in Kimia where the per-225

formance of HSF is still best. The average NMI of HSF is 87.15%, and the average
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Figure 7: Experimental results in Kimia: (a) is the clustering result comparison and (b) is the classification

accuracy comparison.

recognition rate of HSF is 95.42%. Table 7 shows the recognition accuracy averaged

over different dimension numbers (10-50) for Kimia. Figure 8 shows the clustering

and classification results of four fusion methods in MPEG-7 where the average NMI

of HSF is 75.94%, and the average recognition rate of HSF is 85.57%. Table 8 shows230

the recognition accuracy averaged over different feature dimension numbers (60-100)

for MPEG-7. Figures 7 and 8 as well Tables 7 and 8 demonstrate the competitiveness

of the HSF algorithm.

Methods CCA MSE SFLPP HSF

Average

recognition

rate(%)

92.64 95.22 95.32 95.41

Table 7: Average recognition accuracy of four fusion methods in different feature dimensions in Kimia.

We further perform a robustness test of feature fusion in the context of shape anal-

ysis. The influence of geometric transformation (e.g., rotation, scale, and translation)235

can be reduced by shape contour description. However, non-linear variations (e.g.,

noise, distortion, and occlusion) generally exist and their effects are hard to get rid of.

These factors could contribute to some lost points along a shape contour. To challenge
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Figure 8: Experimental results in MPEG-7: (a) is the clustering result comparison and (b) is the classification

accuracy comparison.

Methods CCA MSE SFLPP HSF

Average

recognition

rate(%)

77.87 84.70 84.95 85.57

Table 8: Average recognition accuracy of four fusion methods in different feature dimensions in MPEG-7.

the fusion problem, we randomly corrupt all shape contours with different percentages

of lost points in MPEG-7 that is more complex than Kimia. As shown in Figure 9, HSF240

is very robust and can still reach 85% under the 30% loss rate, while other three meth-

ods quickly deteriorate as the loss rate increases. To further improve HSF for shape

analysis, we choose the inner-distance shape context (IDSC) [26] for feature fusion

and evaluate HSF against several recent shape analysis algorithms in Table 9 where we

also compare the effect of using the χ2 or DP metric in terms of their appropriateness245

for internal structure representation. As shown in Table 9, HSF with DP outperforms

all other algorithms and is significantly better than HSF with χ2 which is only 86%,

showing the necessity of feature alignment prior to the construction of the similarity

matrices.
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Figure 9: Robustness evaluation in MPEG-7.

4.5. Infrared automatic target recognition (ATR)250

In this section, we evaluate the performance of HSF in the Comanche infrared

database [45]. In this database, there are 10 different military targets, and there are 72

orientations for each target. These orientations is from 0◦, 5◦, ..., 355◦. In addition,

the database includes 874 to 1518 infrared chips (40 × 75) for each target class, to-

taly 13859 chips for 10 targets with 72 different angles. The experiments contain three255

parts. The first part is the performance comparison of different feature fusion methods

for demonstrating the advantage of the fusion strategy, which can mine the intrinsic

structure for enhancing the discriminability of features. The second part is the com-

parative analysis of the state-of-the-art methods for showing the superiority of feature

fusion for ATR. The third part is the performance evaluation of target pose estimation260

that is to examine and compare the sensitivity and robustness of each ATR algorithm.

Because HSF is a feature fusion method, we extract two features from the original

infrared chips, i.e., HOG (Histogram of Oriented Gradients) [30] and LBP (local binary

pattern) [31]. Figure 10 shows the classification results of four fusion methods on the

Comanche infrared database where the performance of HSF is the best especially when265

the feature dimension is larger than 25. The average recognition rate of HSF is 90.18%.

Table 10 shows the recognition accuracy averaged over different dimensions (from 10

to 50). The classification method is the nearest neighbor (NN) classifier. Each train-
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Methods
Average

accuracy %

HSF (DP metric) 99.29

Bag of Contour Fragments [38] 98.93

SFLPP [24] 98.93

Height functions [39] 98.86

Variational shape matching [40] 98.86

Symbolic Representation [41] 98.57

Class Segments Set[42] 97.93

Polygonal multi-resolution [43] 97.79

Shape-tree [44] 87.70

HSF (χ2 metric) 86.00

Table 9: Average shape recognition accuracy of recently state-of-the-art shape analysis methods in MPEG-7.

ing/testing data partition has 10 random trails, and we obtain the averaged recognition

accuracy for each partition. In Table 11, we compare HSF (80 dimensions) and sparse270

representation-based classification (SRC), which reportedly achieved the state-of-the-

art results on the Comanche dataset [45, 46]. We used existing software packages to

implement two SRC algorithms for comparison which are SparseLab [47] and spectral

projected gradient (SPGL1) [48] [49]. In these two SRC implementations, we choose

“lasso” for sparse optimization which is shown to be better than other options (for ex-275

ample, “nnlasso” or “OMP”) [46]. Correspondingly, we name the two SRC methods as

SparseLab-lasso and SPGL1-lasso. It is shown that SPGL1-lasso is the best when the

training data are relatively small (10%, 20% and 30%), while HSF is best when more

training data are available (> 40% and LOOCV). This is mainly due to the learning of

feature structures in HSF requires sufficient training data.280

Furthermore, we want to examine the robustness and sensitivity of the three al-

gorithms by performing pose estimation in terms of the relative aspect angle of the

target-of-interest in the scene. Specifically, we evaluate the performance of pose esti-

mation by calculating the accuracies of pose estimation under different tolerable angle
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Figure 10: Classification accuracy comparison of the different fusion methods in Comanche FLIR database.

deviations (i.e., 5◦, 10◦, ..., 60◦). We compare the three methods in the same LOOCV285

setting. As shown in Table 12, HSF (with 80 dimensions) is significantly better than

SparseLab-lasso and SPGL1-lasso. This experiment further demonstrates shows that

the internal and external structures fused HSF is useful for infrared ATR.

Methods CCA MSE SFLPP HSF

Average

recognition

rate(%)

90.08 75.88 86.81 90.18

Table 10: Average recognition accuracy of four fusion methods in different feature dimensions on the Co-

manche IR database.

4.6. Comparison of feature fusion methods

Four feature fusion algorithms have different considerations of the internal and/or290

external structures. SFLPP complements the internal structures extracted from multiple

feature sets, while CCA finds the common external structure among different feature

sets. MSE considers the internal structure fusion without feature projection, while

HSF can optimally fuse the internal and external structures by preserving them in a
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Methods HSF SparseLab-lasso SPGL1-lasso

Training/testing(%)

10/90 79.52 82.64 83.06

20/80 88.88 89.17 90.26

30/70 93.13 92.37 93.57

40/60 95.46 93.95 95.22

50/50 96.96 95.37 96.60

60/40 97.72 95.94 97.20

70/30 98.34 96.83 97.94

80/20 98.67 97.30 98.28

90/10 99.18 97.79 98.80

LOOCV 99.22 97.94 98.79

Table 11: The recognition accuracy on different training/testing data partitions under different methods on

the Comanche FLIR database.

low-dimensional subspace during feature projection. From the above experiments, we295

have the following observations.

• CCA is better than SFLPP in COIL20, ORL and the Comanche infrared database.

This is mainly due to that the objects in those databases often exhibit certain 3D

transformations (e.g., out-plane rotation), leading inaccurate internal structures

because of strong appearance dissimilarity among images of the same object.300

• SFLPP is better than CCA in Kimia and MPEG-7. This is because the objects in

those databases usually only involve 2D transformations (e.g., in-plane rotation),

allowing the internal structure to be more informative than the external one.

• HSF with the DP metric is significantly better than that with the χ2 metric in

shape analysis, showing the usefulness of feature alignment for internal structure305

representation.

• Although MSE considers the internal feature structure, it does not involve feature

24



Methods HSF SparseLab-lasso SPGL1-lasso

Angle deviation

5 86.44 78.00 79.10

10 96.13 91.16 92.83

15 98.08 94.99 96.07

20 98.67 96.31 97.35

25 98.88 96.81 97.84

30 98.96 97.04 98.06

35 99.01 97.19 98.18

40 99.02 97.33 98.27

45 99.04 97.43 98.34

50 99.04 97.48 98.37

55 99.07 97.52 98.40

60 99.07 97.54 98.43

Table 12: The comparative analysis of pose estimation accuracy under different tolerable angle deviations

on the Comanche infrared database.

projection which makes MSE less stable due to possible missing information

during feature fusion.

• HSF tends to perform better when more training data are available that is nec-310

essary for effective structure learning. HSF has shown great promise in above

experiments due to its explicit consideration and joint optimization of both inter-

nal and external structures for feature fusion.

• When the very large data set is processed, the most cost of the proposed method

is for feature learning (if the learning sample number is M , the solving gener-315

alized eigenvalue is the most fact for cost. Its time complexity is O(jM3) (j is

the number of the selected largest eigenvalue). Therefore, the proposed method

complexity is nearly O(jM3). It is demonstrated that the time complexity of

HSF greatly depends on the learning sample numberM ). In feature fuse, the
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proposed method only carries out the feature linear projection in the short time.320

4.7. Fusion comparison of different features

Features play an important role for feature fusion. Different feature combinations

may have different fusion performance. Ideally speaking, we expect feature sets to be

complementary to each other. Here, we analyze the fusion effect of different feature

combinations in facial recognition. Specifically, we consider HOG, LBP and Eigen-325

face for feature fusion where HSF, SPLPP, CCA and MSE are tested under different

feature combinations. As shown in Figures 11(a)(b)(c)(d), HSF is better than other

fusion methods except for the case when LBP and Eigenface are used. This is possibly

due to the fact that Eigenface may confuse the internal structure in HSF because it al-

ready encodes some internal structure by taking the difference between a sample face330

with the mean face. In Figure 11 (d), it is shown that the performance of 3-channel

feature fusion is worse than 2-channel one, which means that more feature sets may

not be helpful if they are not complementary in nature. For example, HOG focuses

on the gradient patterns, while LBP emphasizes on texture patterns. HOG and LBP

are expected to be more compatible compared with Eigenface. This is further con-335

firmed by Figure 11 (e) which shows that HSF is best when LBP and HOG are used

together, compared with other 2-channel cases (LBP+Eigenface or HOG+Eigenface)

or 3-channel case (LBP+HOG+Eigenface).

5. Conclusion

We have presented a new unsupervised feature fusion algorithm, called Heteroge-340

nous Structure Fusion (HSF), which jointly and explicitly takes advantage of heteroge-

nous structures among multiple feature sets, namely the internal and external struc-

tures. Specifically, the former one characterizes the distribution structure in each fea-

ture channel, and the latter one represents the correlation among all feature channels.

The objective function is constructed in two parts. First, the internal structures across345

all feature channels are accumulated under a linear assumption due to their homo-

geneity. Second, the internal and external structures are combined with a non-linear
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Figure 11: Comparative analysis of facial recognition in the ORL database: (a) fusion comparison based

on HOG and LBP, (b) fusion comparison based on HOG and Eigenface, (c) fusion comparison based on

LBP and Eigenface, (d) fusion comparison based on HOG, LBP and Eigenface, and (e) HSF results under

different feature combinations.
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relationship that reveals the heterogeneity of two kinds of feature structures. The

HSF solution is obtained by iteratively alternating linear programming and eigenvector

methods, which includes not only the optimal feature projection but also the weight350

coefficients that encode the relative importance and relevance between two kinds of

feature structures and among multiple feature sets. The proposed HSF algorithm is

evaluated thoroughly in one simulated experiment and four real-data problems, i.e.,

image classification, face recognition, shape analysis and infrared ATR. Experimental

results demonstrate that HSF not only outperforms recent feature fusion methods but355

also achieves very competitive performance when compared with the state-of-the-art

methods in four classification problems.
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