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Abstract. Tensor analysis is widely used for face recognition and action
recognition. In this paper, a mode-driven discriminant analysis (MDA)
in tensor subspace is proposed for visual recognition. For training, we
treat each sample as an N-order tensor, of which the first N-1 modes
capture the spatial information of images while the N-th mode captures
the sequential patterns of images. We employ Fisher criteria on the first
N-1 modes to extract discriminative features of the visual information.
After that, considering the correlation of adjacent frames in the sequence,
i.e., the current frame and its former and latter ones, we update the
sequence by calculating the correlation of triple adjacent frames, then
perform discriminant analysis on the N-th mode. The alternating pro-
jection procedure of MDA converges and is convex with different ini-
tial values of the transformation matrices. Such hybrid tensor subspace
learning scheme may sufficiently preserve both discrete and continuous
distributions information of action videos in lower dimensional spaces
to boost discriminant power. Experiments on the MSR action 3D data-
base, KTH database and ETH database showed that our algorithm MDA
outperformed other tensor-based methods in terms of accuracy and is
competitive considering the time efficiency. Besides, it is robust to deal
with the damaged and self-occluded action silhouettes and RGB object
images in various viewing angles.

1 Introduction

Tensor discriminant analysis (TDA) [1,11,32] has been successfully applied to
various recognition related problems, such as action recognition [9,19,23], face
recognition [4,10,30], and gait recognition [7,17,31]. TDA is essentially the
extension of vector or matrix analysis to higher-order tensor analysis. In the
tensor subspace, the discriminant projection matrix of each mode [16] is calcu-
lated alternately by fixing the other modes.

However, most tensor-based methods have been performed directly on sam-
ples [10] [7], which may decrease the accuracy in situations where image occlusion
or damage exist. Considering the variations of an object due to different angles
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and illuminated conditions, canonical correlation analysis (CCA) [6,12,22,27] is
often used for computing the similarity of two data sets to overcome this problem.
Kim et al. [15] proposed the tensor canonical correlation analysis (TCCA) by
calculating the correlation of two tensor samples for action detection and recog-
nition. TCCA improves the accuracy compared with CCA and is time efficient
for action detection. In our previous work [13], a CCA-based discriminant analy-
sis in multi-linear subspace (MDCC) is proposed for action recognition. In that
work, we took an action image sequence as a 3-order tensor, and calculated the
discriminant projection matrices using canonical correlations between any pair-
wise of tensors. MDCC with discriminant information obtained better accuracy
than TCCA. However, all the above mentioned methods perform Fisher criteria
[2] or canonical correlation analysis on an action tensor individually, irrespective
of the different realistic meanings of each mode, e.g., the pixel character of the
image mode and the correlation of the sequence mode.

Since an action image sequence can be seen as a 3-order tensor, of which
mode-1 and mode-2 represent the action image information and mode-3 describes
the temporal information [15], in a similar way, a RGB object images can also
be represented as a 3-order tensor, of which the first and second modes stand for
image, while the third mode indicates lateral illumination or RGB color. In this
case Fisher criteria is usually used to extract image features for classification.
It is also noted that the correlations among the images can reflect the tempo-
ral ordering of an action or among various RGB colors of an object caused by
multi-view and illumination, thus by considering the correlations among images
we can improve the performance of the subsequent recognition task [5,21,28].
Motivated by these insights, in this paper we explore a mode alignment method
with different criteria which employs Fisher criteria on the image modes and
discriminant correlation analysis on the sequence mode, called mode-driven dis-
criminant analysis (MDA). The reason we use different discriminant criteria in
different mode is that different modes have different visual distributions, i.e., the
discrete distribution means the image subspaces in the first N-1 modes, while
the continuous distribution means the sequential patterns in the N-th mode. The
proposed framework is shown in Figure 1.

In this framework, there are m samples in the whole dataset, and we dig out
the mode-1,2 spatial information of an action by discriminant criterion. Suppose
an action is composed of I3 frames, we re-organized the dataset to be I3 subsets,
each of which contains m frames. We call this frame-to-frame reconstruction
of the action sequence, i.e., we update the mode-3 tensor by calculating the
correlation of their adjacent frames, then, we use the discriminant analysis on
the updated mode-3. We propose to make full and reasonable use of different
representation of data, i.e., for the spatial pattern, we extract feature directly
from raw data represented by pixels, while for the sequential pattern, we want to
extract the feature by digging out the intrinsic correlation between the adjacent
frames. This idea can be generalized to other representation of data with various
factors, such as pose, illumination, multi-view, expression, color for face recogni-
tion, and multi-view, subject diversity, depth for action recognition. We let the
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Fig. 1. Framework of MDA. The left is mode-1, 2 aligned by Fisher criteria, while the
right is frame alignment along mode-3, containing I3 subsets (each is shown in red,
blue, green boxes). We update the action sequence by using the correlation between
three adjacent subsets, then perform the Fisher criteria on mode-3.

iterative learning subject to a plausible convergence condition. The projection
is both discriminant and canonical correlated, in contrast to traditional ones
[10] [15]. Hence we achieve good accuracy and performance on action and object
recognition even with a simple nearest neighbor classifier (NNC). We summarize
the advantages of the proposed MDA as follows.

1. MDA employs a mode alignment method with specific discriminant criteria
on different modes of one tensor.

2. MDA considers the correlation between adjacent frames in the temporal
sequence or RGB pattern by the frame-to-frame reconstruction.

3. MDA converges as proved in Section 3 and discussed in Section 4.

The rest of this paper is organized as follows: Section 2 introduces fundamen-
tals of tensor and canonical correlation analysis. Section 3 describes in detail the
MDA algorithm for dimensional reduction. Experiments on action recognition
and object recognition using the proposed method and other compared methods
are presented in Section 4. Then, conclusions are given in Section 5.
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2 Fundamentals

A multi-dimensional array A ∈ R
I1×...×In×...×IN , is called an N-order tensor,

where In is the dimension of mode-n. Ai1...iN is an element of A. A tensor can
usually be unfolded, which means one mode is fixed, while other modes are
stretched to form a huge matrix A(n) [16].

Definition 1. Tucker decomposition [16] A ∈ R
I1×...×IN is an N-order ten-

sor and Un ∈ R
In×Jn(1 � n � N) is used for decomposition, we have the

following equation:

S = A ×1 UT
1 ×2 UT

2 . . . ×n UT
n . . . ×N UT

N (1)

The above equation indicates the procedure of dimensional reduction of a tensor,
and S is called the core tensor, ×n is mode-n product.

Definition 2. Canonical correlation [22] Given two vectors x ∈ R
m, y ∈ R

n,
and two coefficient vectors α ∈ R

m, β ∈ R
n, the correlation of x and y is

calculated by

ρ(u, v) = arg max
u,v

Cov(u, v)
√

Var(u)
√

Var(v)
, (2)

subject to variance Var(u) = 1 and Var(v) = 1, where u = αTx and v = βT y,
ρ(u, v) and Cov(u,v) are the canonical correlation and covariance matrix, respec-
tively.

3 Mode Alignment with Different Discriminant Criteria
in Tensor Subspace

It has been reported in several publications that the discriminant analysis on
an action image sequence can extract more effective information which reflects
the properties of images [29] [25]. For temporal space, discriminant correlations
among the images can reflect the temporal ordering of an action in subsequent
recognition methods [5]. The proposed MDA uses Fisher criteria to transform
the image information and uses discriminant canonical correlation analysis to
transform the temporal information.

In MDA, an action sample is represented as a 3-order tensor. The mode-1,2
represent spatial dimension and the mode-3 represents temporal information.
Suppose there are m tensor samples in C classes, of which A ∈ R

I1×I2×I3 is a
tensor sample. Our purpose is to find the transformed matrices Un ∈ R

In×Jn

(1 � n � 3) for projection in tensor space to achieve dimension reduction. Un is
calculated alternately by fixing the other modes. Un is defined with the mode-n
discriminant function Fn by

Un = arg max
Un

Fn

= arg max
Un

tr
(
UT

n (S(n)
b − αS(n)

w )Un

)
,

(3)
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where tr is the sum of diagonal elements of matrix
(
UT

n (S(n)
b − αS(n)

w )Un

)
, α

is a tuning parameter.

3.1 Fisher Analysis on Image Mode

Given a tensor set with m samples, each of which Aij ∈ R
I1×...×IN indicates the

j-th sample belongs to the i-th class.
In the case of 1 ≤ n ≤ N − 1, S(n)

b is the inter-class scatter matrix calculated
by

S(n)
b =

1
m

C∑

i=1

mi(Ā
(n)
i − Ā(n))(Ā(n)

i − Ā(n))T , (4)

and S(n)
w is the intra-class scatter matrix calculated by

S(n)
w =

1
m

C∑

i=1

mi∑

j=1

(A(n)
ij − Ā(n)

i )(A(n)
ij − Ā(n)

i )T , (5)

where mi is the number of the i-th class; Ā(n) is the mean of training samples
of mode-n; Ā(n)

i is the mean of i -th class (Ci) of mode-n; and A(n)
ij is the j -th

sample of Ci. In the end, Un composed of the eigenvectors corresponding to the
largest Jn eigenvalues of (S(n)

b − αS(n)
w ).

In Fisher criteria, the discriminant function Fn is calculated by the original
data. While in discriminant canonical correlation analysis, Fn is calculated by
the canonical tensor, which is detailed in Section 3.2.

3.2 Correlation of Time Series

An action sequence is actually a time series of frames, ranking orderly. We want
to make use of the correlations between two adjacent frames, which can reflect
the variation of an action as time elapses. So, we want to update the dataset by
exploring the correlations between the time series.

In the tensor set, we re-organized the the new subsets by collecting the k-th
(1 ≤ k ≤ IN ) frame of the samples, so there are IN subsets in the dataset. What
we want to do is updating the new subsets then re-organizing them to form a
new dataset, then performing discriminant criterion.

We consider a sample Aij as a action sequence {f1, . . . , fk, . . . , fIN }, and we
organized a new sub-set Ak by extracting each k-th frame from all the samples,
then we calculate the correlation between (k−1)-th, k-th, and (k+1)-th sub-sets,
which is indicated as ρk−1,k,k+1, as shown in Figure 2. Our goal is to decompose
the whole tensor set into IN subsets, then update the whole tensor sequence by
the correlations of the sub-sets. So, the new dataset has explored the correlation
in the time series, which accords with the real situation and can describe the
time series more precisely. The procedure is detailed as follows.
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In the case of mode n = N (here N = 3), we organized the k-th subset by
collecting the k-th frames of the dataset as Ak ∈ R

(I1I2)×m. The singular value
decomposition (SVD) [16] is performed on AkAT

k as shown below:

AkAT
k = PΛPT, (6)

where Λ is the diagonal matrix and P ∈ R
(I1I2)×JN is the matrix composed by

the eigenvectors of the JN largest eigenvalues, JN is the subspace dimension.
We perform CCA on the k − 1, k, and k + 1 sets as follows:

PT
k−1Pk = Qk−1,kΛQT

k,k−1, PT
kPk+1 = Qk,k+1ΛQT

k+1,k, (7)

where Λ is the diagonal matrix and Qk−1,k, Qk,k+1 ∈ R
JN×JN are orthogonal

rotation matrices. The k-th subset Pk is updated as follows:

Pk−1,k,k+1 ← SVD(PkQT
k,k+1P

T
kPkQk,k−1). (8)

Then, we update the dataset by the new sub-sets Ak = {Pk−1,k,k+1|k =
1, . . . , IN}. Then perform discriminant analysis on the mode-N samples by
Eqs. (4,5).

( +1)-th frame 

-th frame 

( -1)-th frame 

Fig. 2. Illustration of correlation analysis on the time series subspace

MDA is different from TCCA [15] when calculating the transformation matrix
(TM). In TCCA, all the TMs are composed of the coefficients vectors of data
by CCA, and there is no discriminant analysis; while in MDA, all the TM is
calculated by discriminant analysis of data. What’s more, TCCA calculates the
TM by pairwise tensors; while MDA calculates the inter-class and intra-class
scatter matrices by making use of the correlation of multi-sets.

Definition 3. Similarity The similarity of two tensors, which is actually the
mode-N correlation between two tensors, is defined as follows:

S = (P(N)
i Q(N)

ik )T (P(N)
k Q(N)

ki ), (9)

where i, k indicate a pair of tensors. S is called the similarity matrix.
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Algorithm 1. Mode-driven discriminant analysis (MDA)

INPUT: m N-order tensors Γm = {ACi
i }, with label {Ci}, (1 ≤ i ≤ m), the tuning

parameter α, and the maximum iterations tmax.
OUTPUT: Updated U

(t)
n , 1 � n � N.

1: Initialize Un by eigen-decomp of ACi
i , 1 � i � m.

2: for t = 1 to tmax do
3: for n = 1 to N do
4: ACi

i ← ACi
i ×1(U

(t−1)
1 )T · · · ×n−1(U

(t−1)
n−1 )T ×n+1(U

(t−1)
n+1 )T · · · ×N(U

(t−1)
N )T.

5: if n = N then
6: Update Ai via Eqs. (6, 7, 8).
7: end if
8: Calculate S

(n)
b and S

(n)
w by Eqs. (4) and (5).

9: Update U
(t)
n by eig-decomp

(
S
(n)
b − αS

(n)
w

)
.

10: Convergence condition: F (t)(Un) =
N∑

n=1

tr
[
(U

(t)
n )T[S

(n)
b − αS

(n)
w ]U

(t)
n

]
,

if ‖F (t)(Un) − F (t−1)(Un)‖ � ε, return.
11: end for
12: U

(t−1)
n = U

(t)
n , 1 � n � N.

13: end for

Fig. 3. Actions of MSR 3D action database

4 Experiments

In this section, we have three experiments, including depth action recognition,
silhouette action recognition, and RGB object recognition. We aim to test the
performance of discriminant correlation analysis in action sequence and RGB
pattern, and show the effectiveness of the proposed method.

4.1 Experiments on the MSR 3D Action Database

This database1 contains 20 categories of depth actions, which are arm waving,
horizontal waving, hammer, hand catching, punching, throwing, drawing x, draw-
ing circle, clapping, two hands waving, sideboxing, bending, forward kicking, side
kicking, jogging, tennis swing, golf swing, and picking up and throwing. There are
total 567 samples from 10 subjects, and each sample is performed 2-3 trials. Each
action is composed by a series of frames. In order to align the image sequence
1 http://research.microsoft.com/en-us/um/people/zliu/ActionRecoRsrc/

http://research.microsoft.com/en-us/um/people/zliu/ActionRecoRsrc/
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with one another, we first cropped and resized each frame to be 80 × 80, then
subsampled each action sequence to be in the size of 80×80×10. The key frames
are shown in Figure 3.
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Fig. 4. Recognition of different methods versus different dimensions on MSR 3D action
database

We used DATER [29], MDCC [13], DNTF [33], V-TensorFace [26] (renamed
as V-Tensor for simplicity) for comparison. All of them except V-tensor are dis-
criminant tensor methods. V-Tensor is a kind of mode-driven method, which
finds the mode-3 neighbors of tensor, while mode-1,2 do not. DATER applied
Fisher criteria on each mode of a tensor sample directly. MDCC performs dis-
criminant CCA in the tensor subspace. DNTF employs discriminant non-negative
matrix factorization in tensor subspace, and the key is iteratively calculating the
non-negative transformation matrices.

Here, the effect of dimensional reduction on the time series is tested. Fig. 4
indicates the accuracy under various mode-3 dimension while the dimensions of
mode-1,2 are fixed to be 10. We can see the proposed MDA is compatible with
DATER, which reflects the less influence of mode-3 correlation of frame series.
Besides, the V-Tensor performs worse than both MDA and DATER, which also
indicates that mode-3 manifold does not work better than Fisher criterion. Here,
MDCC performs worse than MDA and V-Tensor, i.e., the similarity of mode-
1,2 plays a negative role because of different levels of distortion by the previous
cropping. Fig. 5 shows the recognition accuracies of different methods under
various dimensions. As Fig. 4 shows, we select the mode-3 dimension to be 3,
while the dimensions of mode-1,2 is increased from 1 to 20. We can see that
the results of our method are comparable to the accuracy of DATER in average,
which means the correlation analysis is feasible on the time series. All the results
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Fig. 5. Accuracies of different methods versus different dimensions on MSR 3D action
database

do not improve much when the dimensions are small, which indicate the best
subspace dimension.

4.2 Experiments on the KTH Database

KTH database [24] is employed in this experiment, containing six different action
classes: running, boxing, waving, jogging, walking and clapping. There are 90
videos with 9 people, and each person performs 10 class actions. We took the
outdoor scenario in this experiment. From the videos 1310 samples are distilled,
and each sample is in the size of 90 × 50 × 20 pixels. 10-fold cross-validation is
used for the dataset. Each time 101 samples are used for training, and 30 for
testing.

Figure 6(a) shows the silhouettes processed in the procedure, and these
silhouettes are generated from the raw gray images. In order to highlight the
performance of mode-3 transformation matrix, Figures 6(b) ∼ 6(f) are used
to illustrate the projected actions of different methods. Note that most of the
projected actions concentrate the main energy in a few significant eigenvec-
tors, which indicates that our discrimination of U3 is competitive with that of
Fisher-based performance. The convergence character of MDA is demonstrated
in Figure 7, from which we can see that each experiment for learning uses a
different training data set and starts with the initial value of Un, which is com-
posed of eigenvectors. The value of the discriminant function F (calculated as
the sum of Fn) becomes stable after first few iterations. This fast and stable
convergence property is very suitable for keeping the learning cost low. Further-
more, as shown in Figure 7(b), MDA converged to the same point irrespective
of different initial values of Un, which means that MDA is convex.
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(a) Run sequence (b) MDA

(c) DATER (d) MDCC

(e) DNTF (f) V-Tensor

Fig. 6. The projected actions from the KTH database. Projected actions in (e) are due
to all the nonnegative elements of transformation matrices.
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Fig. 7. Convergence characteristics of the optimization in MDA. (a) is the F value of
total modes varies with the iterations. (b) shows the convergence to a unique maximum
value with different initial values of U. This sub-figure indicates that MDA is convex.

Fig. 8 shows the effect of dimensional reduction on mode-3 data. We can see
the accuracy is increased along with the increase of dimensions. So, next step
we will test the effect of the mode-1,2 dimension by fixing the mode-3. In Fig. 9,
the dimensions of mode-3 is fixed to be 20, and we can see the MDA gets the
best result within dimensions of [15,15,20], which indicates the best subspace
dimension of mode-1,2. MDA performs better than DATER, which means the
mode-3 correlation plays an important role in the action silhouette sequence.
V-Tensor also performs better than DATER in this database, which indicates
the effectiveness of the action sequence by mode-3 manifold learning. MDCC
gets better results than DATER most of time, which is another evidence of the
effectiveness of mode-3 correlation. DNTF is suitable for dealing with images
with rich information, like face, etc. While for silhouette with 0 and 1 value,
the preserved energy is too little to perform well. The training time of all the
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Fig. 8. Recognition rates w.r.t. dimension of different methods
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Fig. 9. Recognition rates w.r.t. dimension of different methods

Table 1. Training time (second) on the KTH database

Method DATER [29] MDCC [13] DNTF [33] V-Tensor [26] MDA [Ours]

Time (s) ∼10 ∼10 ∼5 ∼5 ∼5

methods are shown in Table 1. The time complexity of MDA is also competitive
with others.
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Fig. 10. ETH dataset. The objects from left to right are apple, car, cow, cup, dog,
horse, pear, and tomato, respectively.

4.3 Experiments on the ETH Database

In this experiment, we use a RGB object database to testify the proposed method
by generalizing its application besides action sequence. In this experiment we
employed the ETH dataset [18], which is an ideal simple dataset, to test the
performance of our method. There are 3280 RGB images within 8 classes, each
of which has 10 subjects. Fig. 10 shows the samples of each class. Leave-one-out
cross validation was used, and each time one subject was selected for testing,
and the rest for training.

The recognition results are shown in Fig. 11, in which the projected dimen-
sions are selected from [1,1,1] to [32,32,3]. MDA performs well even when the
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Fig. 11. The recognition rate of different methods versus different dimensions

image dimension is small, which demonstrates that the mode-1,2 rank is small,
and the discriminant correlations of mode-3 is effective. DNTF performs well
in the common ETH object dataset, while poorly in the KTH dataset. This is
reasonable because the pixel-based input data, the unoccluded and undamaged
RGB object contains much more information than an action silhouette, which
contains 0 and 1 value merely.
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Table 2. Recognition rate (%) on the ETH database

Method DATER [29] MDCC [13] DNTF [33] V-Tensor [26] MDA [Ours]

Apple 94.39±6.23 95.00±7.04 91.20±5.73 87.59±14.61 95.24±4.57

Car 70.40±22.90 74.30±14.53 65.41±19.59 35.63±27.70 84.64±8.90

Cow 62.87±24.53 67.63±20.29 65.74±20.98 29.59±21.30 80.32±11.82

Cup 89.04±14.15 83.85±20.31 80.58±18.55 47.30±41.06 94.23±7.08

Dog 70.96±24.58 77.93±16.61 67.38±16.87 43.38±25.26 87.80±9.10

Horse 67.26±25.67 72.19±18.18 66.06±16.82 43.22±27.18 81.82±8.77

Pear 92.57±8.72 93.08±8.45 84.83±15.90 89.02±11.90 95.32±3.55

Tomato 95.90±6.41 91.16±15.91 91.13±12.61 82.08±29.16 95.78±6.91

Overall 80.42±16.65 81.89±15.16 76.54±15.88 57.23±24.77 89.39±7.59

Fig. 12 shows the similarity matrices of samples from the same and different
classes. The mode-3 reduced dimension is 2. The corresponding correlations in
the similarity matrices are ρ1 and ρ2, and diag(ρ1) = [1, 0.9812], diag(ρ2) =
[1, 0.1372]. Fig. 12 illustrates that the correlation value of the same class is
larger than that of different classes, which indicates that the mode-3 discriminant
performance of MDA is reliable.

Table 2 shows the recognition rates of each class. Obviously we can see
that the performance of our method is better than others. Because ETH is
an ideal pixel-based dataset, all the methods performed well under each class,
compared to the last experiment. The results demonstrated the fact that, the
same algorithm may perform diversely on various datasets, due to complicated
background, changing views, lateral illumination, or partial occlusion, and so on.

5 Conclusions

In this paper we proposed a novel mode alignment method with different dis-
criminant criteria in tensor subspace, and we name this method mode-driven
discriminant analysis (MDA). MDA is used to perform the dimension reduction
tasks on different tensorial modes; MDA employs Fisher criteria on the first (N-
1) feature modes of all the tensors to extract image features, then it updates the
whole tensor sequence by considering the correlations of (k − 1)-th, k-th, and
(k+1)-th subsets, and finally it performs discriminant analysis on the N-th mode
to calculate mode-3 projection matrix. The proposed MDA outperforms other
tensor-based methods in two commonly used action databases: MSR action 3D
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Fig. 12. Similarity matrices for MDA on ETH dataset. The upper left upper part
indicates projected tensors from the same class, whose correlations illustrated in the
similarity matrix shown in the upper right. The lower part shows the situation from
different class. It can be intuitively seen the correlation on the second mode is smaller
than that of the upper.

database, KTH action database, and one object ETH database. The time cost
of MDA is competitive with others, therefore is suitable for large-scale com-
puting. MDA can deal well with damaged action silhouettes and RGB object
images in various view angles, which demonstrates its robustness. Moreover,
the alternating projection procedure of MDA converges, as proved theoretically
and confirmed by experiments, and finally, MDA is convex with different initial
values of the transformation matrices.

Our future work will involve applying the sparse representation [3,20] to
MDA, so that we can eliminate those trivial variables while keeping the impor-
tant ones in the transformation matrices, thus improving the tensor’s interpreta-
tion ability. We can also work on the low-rank tensor approximation [8,14], which
can be used for denoising and occlusion elimination, and for image recovery.
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