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Abstract
Cross-domain matching is a challenging problem with
several applications like face recognition across pose and
resolution, heterogeneous face recognition, etc. Coupled
dictionary learning has emerged as a powerful technique
for addressing such problems. A novel approach based
on aligning two orthogonal dictionaries constructed independently from the two domains is proposed in this work.
Once the dictionaries are constructed, the correspondence
between the dictionary atoms of the two domains are computed using bipartite graph matching in a common space. A
Mahalanobis metric is then derived from sparse coefﬁcient
vectors of the aligned dictionaries of the two domains such
that the coefﬁcients from data of same class move closer and
that of different classes move apart. Unlike other coupled
dictionary learning approaches, one-to-one paired training
data is not required in the proposed approach. Extensive
experiments on MultiPIE, SCFace and MBGC database for
face recognition across pose and resolution; CASIA NIRVIS 2.0 database for matching visible to near-infrared face
images show the usefulness of the proposed approach for
different applications.

1. Introduction
Matching data across different domains has wide range
of applications in the ﬁeld of computer vision like face
recognition across pose and resolution as in surveillance
scenarios, matching near-infrared (NIR) faces against visible (VIS) faces, etc. It is a very challenging task due to
the large variations in the data coming from different domains (Figure 1). Recently, several approaches have been
proposed to address this problem [33][18][12].
We build on the success of these efforts and propose a
novel dictionary alignment framework for addressing cross
domain matching. First, orthogonal dictionaries are learnt
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Figure 1. Applications of cross domain matching: Matching highresolution frontal faces with low-resolution non-frontal faces (ﬁrst
two columns); Matching visible with near-infrared images (third
and fourth columns).

from the given training samples of the two domains independently. Unlike standard overcomplete coupled dictionaries, this approach does not require paired training data.
This also allows for one-to-one correspondence across the
atoms of the two dictionaries which is required for aligning the two dictionaries. Once the dictionaries are learnt,
we need to align the dictionary atoms of the two dictionaries so that the corresponding sparse coefﬁcients can be
compared. For alignment, the atoms of the two dictionaries are ﬁrst transformed into a common space using Cluster
CCA [37] that is learnt from original training data. Bipartite graph matching is then used to ﬁnd the one-to-one correspondence between the atoms of the dictionaries which is
further used to permute the dictionary atoms of the original
dictionaries. Finding correspondence is required, since then
the corresponding dictionary atoms can be aligned to reduce
the domain shift. To achieve this, one of the dictionaries is
aligned to the other using a transformation matrix which
can be computed in closed form. These aligned dictionaries are further used to compute the sparse coefﬁcients for
the two domains independently. To ensure that the sparse
coefﬁcients computed using the aligned dictionaries are discriminative for recognition task, a metric learning approach,
namely KISSME [25] is applied on the sparse coefﬁcients
so that the coefﬁcient vectors of the same class move closer
and of the different classes move apart.
Extensive experiments are conducted on four databases,
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Multi-PIE [15], SCFace database [14] and MBGC
database [35] for recognizing faces across pose, illumination and resolution, CASIA NIR-VIS 2.0 database [28]
for matching visible with near-infrared (NIR) face images.
Comparisons with state-of-the-art approaches show the effectiveness of the proposed approach. The contributions of
the proposed work are as follows:
• A novel dictionary alignment approach for matching
data from different domains.
• The approach does not require paired training data unlike other coupled dictionary learning approaches.
• Training process is simple with the dictionaries and the
mapping function learnt in one step, without requiring
iterative updates of all the terms.
• Extensive experiments on different datasets show that
the proposed approach performs favourably as compared to the state-of-the-art for several applications.
• Each of the building blocks in the proposed framework
can be replaced by improved techniques which can
perform the same function for further improvement.
The rest of this paper is organized as follows. Section 2
reviews the related work and details of the proposed algorithm are given in Section 3. The experimental results are
reported in Section 4 and the paper concludes with a brief
summary.

2. Related Work
In this section, we provide pointers to the related work
in literature. Dictionary learning based approaches have
proved to be very effective for cross domain matching applications [20][17]. Wei et al. [44] model intra-class image
variations by learning an auxiliary dictionary and a residual
function in a joint optimization framework is developed to
identify corrupted face regions. Chiang et al. [6] learn class
dependent dictionaries by providing training samples with
multiple attributes of pose, expressions and lighting conditions. A dictionary learning approach which initially learns
a domain base dictionary and then, describes the domain
shift using a sparse representation over the base dictionary
is presented in [36]. In [33], the shift between source and
target domains is learnt by constructing intermediate dictionaries that can capture the gradual shift between the two
domains.
Several domain adaptation approaches have also been
proposed for addressing the cross-domain matching problem. A method to describe the underlying domain shift by
creating generative subspaces as points on the Grassmann
manifold and sampling the subspaces along the geodesic

between them is described in [13]. Gong et al. [12] propose geodesic ﬂow kernel based domain adaptation. A
constrained hierarchical clustering based domain transform
mixture model to discover latent domains is formulated
in [16]. A semi-supervised domain adaptation technique
based on low-rank approximation is described in [19]. Yao
et al. [46] propose a semi-supervised domain adaptation approach to bridge the domain gap by jointly modeling subspace feature representations by enforcing a criteria on minimizing the domain divergence. Fernando et al. [10] propose to reduce the gap between source and target subspaces
while simultaneously modeling the classiﬁcation model.
Now, we give pointers to some of the approaches which
have been proposed for the different applications considered in this work. Bhat et al. [3] use transfer learning and
co-training to match low resolution probe faces to high resolution gallery images. A deep convolutional network based
approach namely FaceNet is proposed in [40] that learns a
mapping function to map faces into a compact Euclidean
space to perform effective face veriﬁcation. A discriminant analysis on Riemannian manifold of Gaussian distributions by exploring various distances between Gaussians
is proposed in [43] to recognize facial images that have
weak statistical correlations. The approach in [24] computes a discriminant common space by jointly learning multiple view-speciﬁc linear transforms by optimizing a generalized Rayleigh quotient for recognizing cross view faces.
Feature extraction based approaches have also been proposed to extract descriptors from the facial images suitable
for matching task [32]. Lei et al. [26] construct a discriminant descriptor for matching facial images by imposing a
constraint that the appearance difference from same subjects should be minimum and it should be maximized in
case of different subjects. In [8], a transformation dictionary is learnt for each patch to transform the features of
different poses into a discriminative subspace. Flusser et
al. [11] propose a method to create a descriptor for images
that are degraded by Gaussian blur.
Lu et al. [30] propose a coupled compact binary face descriptor that can be used to match the heterogeneous faces
based on the fact that binary codes are robust to local variations. Jin et al. [21] propose a method that can maximize
and minimize the interclass and intraclass variations along
with maximizing the correlation between the facial images
of the same subject. A framework of transductive heterogeneous face matching for matching images of VIS and NIR
modalities is proposed in [48].

3. Proposed Approach
In this section, we present the details of the proposed orthogonal dictionary alignment approach for matching data
from two different domains. Let X = {x1 , x2 , . . . , xN1 } ∈
Rn×N1 and Y = {y1 , y2 , . . . , yN2 } ∈ Rn×N2 be the data in
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Figure 2. Flow chart of the proposed orthogonal dictionary alignment based framework with training and testing stages.

the two domains. Unlike other coupled dictionary learning
techniques, for the proposed approach, one-to-one paired
data is not required during training. For example, for the
application of face recognition across pose and resolution,
there can be just one high resolution image and four low resolution images of each subject for training. Given a probe
data belonging to one of the domains, we need to ﬁnd out
the correct match in the other domain.
The approach has a training and a testing stage. A
ﬂowchart of proposed approach is shown in Figure 2. The
training stage has the following steps: 1) Learning separate
orthogonal dictionaries for the two domains, 2) Computing
the correspondence of the dictionary atoms of the two dictionaries, 3) Dictionary alignment to minimize the shift between two domains and 4) Computing discriminative sparse
coefﬁcients which can be used for matching. During testing,
the gallery and probe features represented by the discriminative sparse coefﬁcient vectors are matched to determine
the identity/class of the probe.

complete dictionaries has the following advantages:
1. Orthogonal dictionaries can address the computational complexity and redundancy in dictionary atoms
present in overcomplete dictionaries [1].
2. Since the dictionaries span corresponding space in the
two domains and since the dictionaries are orthogonal,
the dictionary atoms can be aligned which can minimize the shift between the two domains.
3. The sparse coefﬁcients computed from the aligned dictionaries can then be directly compared using some
classiﬁer or metric learning approaches for better discriminability.
4. The approach requires computation of the dictionaries,
sparse coefﬁcients and transformations only once and
does not require iterative updates of the different components.
Here, we use the orthogonal dictionary learning algorithm
proposed by Bao et al. [1]. From the given data, say X, the
algorithm learns an orthogonal dictionary D̄x = [Ax Dx ]
such that D̄Tx D̄x = In×n . The optimization function is
formulated as follows:

3.1. Orthogonal Dictionary Learning
In general, for dictionary learning, the goal is to compute
an over-complete dictionary from the given data samples.
For coupled dictionary learning approaches [18][42], during training, the dictionaries, sparse coefﬁcients as well as
the transformation matrices are updated in an iterative manner. Here, we propose to learn orthogonal dictionaries for
the two domains independently. During training, data from
the same classes in the two domains are used to learn the
dictionaries for their corresponding domains, though there
may not be one-to-one paired correspondence between the
training data. So we assume that the dictionaries computed
from these training data will span corresponding spaces in
the two domains. Learning orthogonal as opposed to over-

2

2

min  X − [Ax , Dx ] Λ2 + α  Λ0

Dx ,Λ

subject to DTx Dx = Im×m , ATx Dx = 0.

(1)

where n is the length of input feature vector and m is the
number of atoms in the dictionary Dx . The dictionary D̄x
has two sub dictionaries denoted by Ax which can be used
to have a control on required number of orthogonal dictionary atoms, and Dx which represents the orthogonal dictionary atoms learned from the input data X. We have set Ax
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to a null matrix so that D̄x = Dx and initialized Dx to DCT
matrix of size n × n. During the j th iteration, we have Djx
and the task is to ﬁnd out Λjx which is formulated as below

2
2

Λ̂jx = arg min  X − Djx Λjx 2 + α  Λjx 0
Λjx

subject to

T
Djx Djx

(2)

= I.

The optimization problem in (2) has a unique solution and
is given by [1]
T
(3)
Λ̂jx = Tγ (D̄jx X)
Here Tγ (v) represents a hard threshold operation on the
vector v. The objective function to update the dictionary
at j th iteration can be formulated as:

2

D̂jx = arg min  X − Djx Λj−1
x
2
Djx

subject to

T
Djx Djx

(4)

= I.

The above objective function has unique solution and is
given by D̂jx = UVT . The matrices U and V are the
orthogonal matrices which can be obtained from Singular
Value Decomposition given by XΛTxD = UΣVT . Here,
ΛTxD is the sparse coefﬁcient vector at iteration (j − 1) associated with dictionary Dx .

3.2. Correspondence of Dictionary Atoms
As discussed earlier, since the dictionaries are learnt
from data of same classes in the two domains, we assume
that the two dictionaries will approximately span the same
space in their respective domains. Moreover, since the dictionaries are orthogonal, so each dictionary atom of the ﬁrst
domain will have a corresponding atom in the second dictionary. But, since the dictionaries for the two domains
are learnt independently, so the correspondence information
may not be maintained, i.e. the ﬁrst dictionary atom of the
ﬁrst domain may not correspond to the ﬁrst dictionary atom
for the second domain. So, once the orthogonal dictionaries
are learnt independently for the two domains, the goal is to
ﬁnd the corresponding dictionary atoms so that they can be
aligned.
Different approaches are available to learn the relation
between data from two domains like CCA, PLS, etc., but
all of them require paired training data which may not be
available in practice. In this work, we use cluster CCA [37],
which only requires correspondence between clusters of
data in the two domains and not one-to-one correspondence between the data. For example, for the application
of matching visible light images to NIR images, four visible light images but only two NIR images of each subject
may be available. For ﬁnding the correspondence between
the atoms of the two dictionaries, the columns of both the

dictionaries are ﬁrst transformed to the common space by
using cluster CCA learned from the training data.
Then Bipartite Graph Matching [2] is used to learn the
correspondence of the dictionary atoms in the transformed
space. Given a set of m dictionary atoms from Dx (denoted as dix , i = 1, . . . , m) and m dictionary atoms from
Dy (denoted as djy , j = 1, . . . , m), the goal is to establish
the correspondence between them. Let Cij be the cost of
matching the two vectors dix and djy . The objective function of the bipartite graph matching is as follows

H(π) =
C(djy , dπ(i)
(5)
x )
i

The above objective function is minimized which gives the
correspondence between the dictionary atoms of the two domains. π(i) is essentially a permutation operation, which is
used to permute the atoms of one dictionary such that the
dictionary atoms of the two domains have one-to-one correspondence. Note that, the dictionaries are transformed to
the common space only to apply bipartite graph matching.
Once the correspondence matching π(i) is obtained, we apply the permutation on original dictionary Dx . Let these
dictionaries be denoted by Dcx and Dcy , where Dcx is obtained by permuting the atoms of Dx according to π(i), and
Dcy = Dy .

3.3. Dictionary Alignment
Once we have one-to-one correspondence between the
atoms of the two dictionaries Dcx and Dcy , the next step is
to align these dictionaries to minimize the shift between the
two domains. Inspired by the successful subspace alignment approach [9], we want to learn a mapping function T
on Dcx so that T : Dcx → Dcy . The objective function to
learn the mapping function T is given by

2
T̂ = arg min  Dcx T − Dcy 2
(6)
T

The optimum value of T which minimizes (6) can be written as T̂ = Dcx T Dcy . Thus, the x-domain dictionary which
c cT c
is aligned to the y-domain is given by Dc,a
x = Dx D x D y .

3.4. Computing discriminative sparse coefﬁcients
The aligned dictionary of the x domain given by Dc,a
x ,
and the dictionary of the y domain given by Dcy can be used
to compute the sparse coefﬁcients of the data from the two
domains. We apply Mahalanobis metric learning on sparse
coefﬁcients, so that they are better suited for classiﬁcation
applications. The data from the x and y domains are ﬁrst
used to compute their sparse coefﬁcients as follows
2

2

arg min  X − Dc,a
x Λ x 2 + α  Λ x 0
Λx


2
2
arg min  Y − Dcy Λy 2 + α  Λy 0
Λy
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(7)

To make the sparse coefﬁcients discriminative, we apply the
large scale metric learning KISSME [25] on the sparse coefﬁcients of the two domains so that the coefﬁcient vectors
of same class move closer and of the different class move
apart. We provide some details of the algorithm for completeness.
Let Λix and Λjy be the sparse coefﬁcient vectors of the
two domains. The distance between these vectors can be
written as
δ 2 (Λix , Λjy ) = (Λix − Λjy )T M(Λix − Λjy )

(8)

Here M is the Mahalanobis metric. The decision on
whether a given pair of features belong to matched pair
or non-matched pair is formulated from likelihood ratio
test. The likelihood ratio that determines matched or non
matched pairs is formulated as given below


⎞
1 ij T −1
ij
−
)
Σ
Λ
(Λ
nij =0
⎟
⎜
2

⎟
δ(Λij ) = log ⎜
⎠
⎝
1
1
ij
√
exp − (Λij )T Σ−1
nij =1 Λ
2π|Σnij =1 |
2
(9)
⎛

√

1
exp
2π|Σnij =0 |

where, Λij = Λix − Λjy is the vector in difference space.
The matrices Σnij =1 and Σnij =0 represent the covariance
matrices of matched pairs and non-matched pairs respectively and are given below.
Σnij =1 =



(Λix − Λjy )(Λix − Λjy )T

nij =1

Σnij =0 =



(Λix − Λjy )(Λix − Λjy )T

nij =0

(9) can be solved to compute M. Please refer to [25] for
further details of the algorithm.

3.5. Testing
Let xt and yt be features computed from the test data
of the two domains. The sparse coefﬁcient vector of xt is
computed using the aligned dictionary Dc,a
x and that for yt
by using the dictionary Dcy . Both the sparse coefﬁcient vectors will be transformed to a new space by using the Mahalanobis matrix and the distance between the vectors in the
common space is computed. The ﬂow chart of testing stage
is also given in Figure 2.

4. Experimental Results
In this section, we present the results of extensive experiments performed to test the usefulness of the proposed
approach for two challenging applications: (1) Face recognition across pose, illumination and resolution; (2) Heterogeneous face recognition for matching visible light images
to NIR images.

4.1. Face Recognition Across Resolution and Pose
To evaluate the effectiveness of the proposed approach
for matching facial images across different variations like
pose, resolution, etc., we use three datasets, namely the
Multi-PIE data ([15]), SCFace dataset ([14]) and MBGC
dataset ([35]).
Results on Multi-PIE dataset:
The MultiPIE
dataset ([15]) contains facial images of 337 persons
captured under different pose and illumination conditions.
In this experiment, the high resolution (HR) frontal images
are used as gallery. The probe images with four different
poses, namely pose 13 0, 14 0, 05 0 and 04 1 as labeled
in Multi-PIE and ﬁve different illumination conditions are
used in our experiments.
We followed the same protocol as that of [31] in which,
50 subjects are used for training and the remaining subjects
are used for testing so that, there is no overlap between
the training and testing subjects. All the gallery images
are of size 36 × 30 and the probe images are of size
18 × 15. We have used the rootSIFT descriptors ([29])
extracted at ﬁducial locations (corners of eyes, nose
and lip) as the features. The value of γ (the threshold
value in equation 3) is manually tuned and ﬁxed to 0.01.
Recognition accuracy is computed by ﬁxing the gallery
images to one illumination condition and using all the
other illumination conditions for the probe images. The
average recognition accuracy is computed by repeating the
same procedure for all the gallery illuminations and the
corresponding results are presented in Table 1. The results
of all the other approaches in this table are directly taken
from [31]. We also observe that incorporating KISSME
with dictionary learning approaches namely CDL and
SCDL algorithms improve their performance, but still they
are considerably lower than the proposed approach. We see
that the proposed approach performs favorably compared
to the state-of-the-art approaches.
Results on Surveillance Camera Face dataset: We
conduct the experiments on SC face database ([14]) to
evaluate the performance of the proposed approach in real
surveillance scenario. It contains facial images of 130
subjects that are captured by placing surveillance cameras
at different distances. A few sample gallery (top row) and
probe images (bottom row) are shown in Figure 3.
Following the same protocol as in [31], a randomly
selected 50 subjects are used for training and the remaining
of the 130 subjects are used for testing. There is no overlap
between the training and testing subjects. The performance
of the proposed approach is reported in Table 2 and results
of all the other approaches are directly taken from [31]. We
observe that CDL and SCDL approaches give quite low
recognition accuracy of around 23%. We see that for this
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Table 1. Rank-1 Recognition accuracy (%) of the proposed approach for four different poses of the Multi-PIE database. Performance
comparison with recent state-of-the-art algorithms are also shown.
Method

Pose 13 0

Pose 14 0

Pose 05 0

Pose 04 1

HR-LR (baseline)[4]

49.15

69.87

59.04

35.57

HR-LR (MDS) [4]

63.01

76.35

72.83

56.32

Stereo Baseline [5]

76.53

85.57

84.53

75.36

SCDL [42]

64.02

72.37

68.10

62.93

CDL [18]

63.41

72.08

66.91

62.37

LMNN (max) [45]

67.73

80.64

72.19

59.71

KISSME (My=1 ) [25]

82.98

90.72

88.69

71.36

KISSME [25]

90.51

93.68

89.17

83.86

SFRD + PMML [7]

77.17

88.34

92.72

75.97

GMA - LPP [41]

68.42

78.77

80.32

70.13

GMA - MFA [41]

72.40

82.29

84.77

73.68

CrossPose[27]

54.21

73.57

70.00

60.00

Low Resolution FR [31]

88.44

95.69

94.81

86.43

Reference FR [31]

80.53

88.77

86.27

80.16

SCDL + KISSME

82.37

89.62

86.69

79.33

CDL + KISSME

82.02

89.46

86.72

79.41

Proposed Approach

95.44

97.49

96.34

93.30

Table 2. Rank-1 recognition accuracy (%) of the proposed approach on SCFace data ([14]) and MBGC database ([35]), and
comparison with other approaches.

Figure 3. Example facial images of Surveillance Cameras Face
Database ([14]). Top row: frontal gallery images, second row:
corresponding probe images captured by surveillance cameras.

data also, the proposed approach performs better than the
state-of-the-art approaches.
Results on MBGC dataset ([35]): To further illustrate the efﬁciency of the proposed algorithm in real
surveillance scenario, the proposed approach is evaluated
on Multiple Biometric Grand Challenge (MBGC) ([35])
database. The database has videos of subjects collected
at indoor surveillance scenario. The persons are asked to
perform a speciﬁc task (eg. walk, turn) while the faces are

Method

SC face

MBGC

MDS [4]

61.14

39.48

KISSME [25]

59.25

49.15

GMA - MFA [41]

27.00

19.21

Low Resolution FR [31]

69.45

50.57

Proposed Approach

73.25

60.52

capturing from the cameras. The faces are cropped from
the video sequences and are used for our experiment. In
this experiment, we have followed the same protocol as
that of [31] in which facial images of 147 subjects are
considered. The frontal images are used as gallery images
and non frontal faces extracted from video sequences are
used as probe images. The sample gallery and probe images
of this database are shown in Figure 4. The probe images
has poor resolution, non frontal pose and poor illumination
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as compared to the gallery images. A randomly selected 70

Figure 4. Example facial images of Multiple Biometric Grand
Challenge (MBGC) [35] database. Top row: frontal gallery
images, second row: corresponding probe images captured by
surveillance cameras.

subjects are used for training and the remaining subjects
are used for testing. A single image per subject is used as
gallery and probe data has ﬁve images for each subject.
The average Rank-1 accuracy is reported in Table 2 by
repeating the experiment 10 times, in which each time
we select the training and testing samples randomly. It
can be observed from Table 2 that the proposed approach
signiﬁcantly outperforms the state-of-the-art algorithms
which further illustrate its effectiveness in real surveillance
scenario.

4.2. Heterogeneous Face Recognition
In this section, we evaluate the proposed approach
for the task of matching visible light images (VIS) to
near infra-red images (NIR), known as heterogeneous
face recognition by testing it on a large scale benchmark
database, namely the CASIA NIR-VIS 2.0 database [28].
This is currently an important area of research, since NIR
images can overcome the challenges due to illumination in
low-light and night-time scenarios.
Results on CASIA NIR-VIS 2.0 database [28]: This
dataset is one of the largest publicly available datasets for
the task of matching near infra-red (NIR) and visible light
(VIS) face images. The dataset contains both VIS and
NIR images from 725 subjects, with 1-22 VIS and 5-50
NIR face images per subject. In addition to the modality
variations, the database has pose and expression variations
which makes the recognition task very challenging. A
few sample facial images from the database are shown in
Figure 5.
As per the standard evaluation protocol for this database,
we validate the proposed algorithm on images available in
View 1 and report the results on testing images of View 2.
We repeat the same experiment on the given 10 folds and
the average rank-1 recognition rate with standard deviation
are reported in Table 3. All the images that are used in this
experiment are of size 128 × 128. For this experiment,
we use the state-of-the-art deep features for constructing
the orthogonal dictionaries. Speciﬁcally, we use the VGG-

Figure 5. Sample images of CASIA NIR-VIS 2.0 database [28].
Top row: Gallery faces (VIS images), Second row: Corresponding
probe faces (NIR images).

Face CNN features extracted from the original VGG Net
model [34] The activations of pool5, fc6 and fc7 layers of
the VGG Net are concatenated to form a single vector and
PCA is used for dimensionality reduction. This gave a Rank
1 accuracy of 86.8% ± 0.93, which is only slightly less
than the state-of-the-art. When this is combined with the
scores obtained using the rootSIFT descriptors, it outperforms the state-of-the-art algorithms with a recognition rate
of 87.45% ± 0.76. The results of the proposed approach is
compared with several recent algorithms in Table 3. The results of all the other approaches are directly taken from the
respective papers since we follow the standard evaluation
protocol.
The method in [22] computes a feature learning-based
face descriptor by utilizing correlation information of face
samples from different modalities and the discriminative information of face samples in each modality. Yi et al. [47],
propose a shared representation learning based approach using Restricted Boltzmann Machines (RBMs). A Convolutional Neural Network model is proposed to match NIR
faces against VIS faces in [39]. A two channel deep Convolutional Neural Network architecture with the contrastive
layer as the output layer is proposed in [38].
Thus, it can be observed from Table 3 that the proposed
approach performs favourably as compared to the stateof-the-art approaches including deep learning frameworks
which further validates its applicability in large scale heterogeneous face recognition.

5. Summary
In this work, we have proposed an orthogonal dictionary alignment approach for cross-domain matching applications. After learning orthogonal dictionaries independently for the two domains, the correspondence between the
dictionary atoms are established so that they can be aligned.
This approach does not require one-to-one paired data for
training which may not be available in real scenarios. Extensive experimental results and comparison with state-ofthe-art algorithms justify the effectiveness of the proposed
approach for various applications.
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Table 3. Comparison of the performance (Rank-1 (%) ± Std) of
the proposed approach on CASIA NIR-VIS 2.0 database [28] with
state-of-the-art approaches.
Method

Rank-1 (%) ± Std

C-CBFD [30]

56.6 ± 2.4

CDFL [21]

71.5 ± 1.4

LMCFL [22]

75.7 ± 2.5

Gabor + Remove 20 PCs [47]

75.5 ± 0.75

Joint Dictionary Learning [23]

78.5 ± 1.67

C-CBFD+ LDA [30]

81.8 ± 2.3

HFR with CNNs [39]

85.9 ± 0.9

Gabor + RBM [47]

84.2 ± 0.86

Shared Representation [47]

86.2 ± 0.98

SFT-Deep [38]

87.1 ± 0.88

Proposed Approach

87.45 ± 0.76
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