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Abstract: Low dimensional linear spaces can viably demonstrate the image varieties of numerous objects (human faces specifically) under 

factor lighting. The standard linear subspace learning algorithms incorporate Principal Component Analysis (PCA), Linear Discriminant 

Analysis (LDA), and Locality Preserving Projection (LPP). These techniques consider an n1 × n2 picture as a high dimensional vector in 

Rn1×n2, while a picture spoke to in the plane is inherently a matrix. In this paper, we propose another algorithm called Tensor Subspace 

Analysis (TSA). TSA thinks about a picture as the second request tensor in Rn1 Rn2, where Rn1 and Rn2 are two vector spaces. TSA can 

generally describe the connection between the segment vectors of the picture matrix and the column vectors. TSA identifies the genetic 

neighborhood mathematical structure of the tensor space by learning a lower-dimensional tensor subspace. We contrast our proposed 

approach and PCA, LDA, and LPP techniques on two standard databases. Experimental results show that TSA accomplishes a better 

recognition rate while being considerably more effective.  
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I. INTRODUCTION 

There is presently a lot of interest in appearance-based ways to 

deal with face recognition when utilizing appearance-based 

methodologies. As a rule, we speak to an image of size n1 × n2 

pixels by a vector in Rn1×n2. All through this paper, we mean by 

face space the arrangement of all the face images. The face space 

is commonly a low dimensional complex installed in the 

encompassing area. The standard linear algorithms for learning 

such a face complex for recognition incorporate Principal 

Component Analysis (PCA), Linear Discriminant Analysis 

(LDA), and Locality Preserving Projection (LPP)[1]. The vast 

majority of past deals with measurable image analysis speak to 

an image by a vector in high-dimensional space. Not with 

standing, an image is intrinsically a matrix or the subsequent 

request tensor. The connection between the columns vectors of 

the matrix and that between the segment vectors may be 

significant for finding a projection, mainly when preparing tests 

is little. As of late, multilinear variable based math, the variable 

based math of higher-request tensors, was applied for breaking 

down the multifaceted structure of image outfits[2]. Vasilescu 

and Terzopoulos have proposed a novel face portrayal algorithm 

called Tensorface. Tensorface represents face images' 

arrangement by a higher-request tensor and broadens Singular 

Value Decomposition (SVD) to higher-request tensor 

information. The numerous elements identified with articulation, 

brightening, and posture can be isolated from various 

components of the tensor along these lines. In this paper, we 

propose another algorithm for image (human faces specifically) 

portrayal dependent on the contemplations of the multilinear 

variable based math and differential calculation. We call it 

Tensor Subspace Analysis (TSA). For an image of size n1 × n2, 

it is spoken to as the second request tensor (or matrix) in the 

tensor space Rn1⊗Rn2. Then again, the face space is commonly 

a submanifold implanted in Rn1⊗Rn2. Given a few images 

inspected from the face complex, we can fabricate a 

contiguousness diagram to show the manifold's nearby 

mathematical structure. TSA finds a projection that regards this 

chart structure[3]. The acquired tensor subspace gives an ideal 

linear estimate to the face complex in the feeling of nearby 

isometry. 
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II. TENSOR SUBSPACE ANALYSIS 

We present another Tensor Subspace Analysis algorithm for 

learning a tensor subspace, which regards the mathematical and 

discriminative structures of the first data space. 

1. Laplacian based Dimensionality Reduction 

A problem of dimensionality reduction has been thought of. One 

general methodology is based on graph Laplacian. The target 

capacity of the Laplacian eigen map is as per the following: 

min

f
∑ (f(xi) − f(xj)ij ) sij             (1) 

Where S is a similarity matrix, these ideal capacities are 

nonlinear yet might be costly to compute.  

A class of algorithms might be improved by confining issues to 

more manageable families of capacities[4].  

One characteristic methodology confines to linear capacity, 

offering ascend to LPP. This paper will consider a more 

organized subset of linear capabilities that emerge out of the 

tensor analysis.  

2. The Linear Dimensionality Reduction Problem in 

Tensor Space 

The nonexclusive issue of linear dimensionality reduction in the 

second request tensor space is the accompanying. Given a bunch 

of data focuses X1,…., Xm in Rn1⊗Rn2, discover two change 

networks U of size n1 × l1 and V of size n2 × l2 that maps these m 

focus to a bunch of focuses Y1, …., Ym€Rl1 Rl2 (l1 < n1, l2 < n2), 

with the end goal that Yi "speaks to" Xi, where Yi = UTXiV. Our 

strategy is of specific appropriateness in the uncommon situation 

where X1,….Xm€ M and M is a nonlinear submanifold implanted 

in Rn1⊗Rn2[5]. 

3. Computation 

In this subsection, we talk about how to tackle the optimization 

problems. It is anything but difficult to see that the optimal U 

should be the generalized eigenvectors of (DV − SV, DV ), and 

the optimal V ought to be the generalized eigenvectors of (DU − 

SU, DU). Nonetheless, it is hard to register the optimal U and V 

simultaneously since the lattices DV, SV, DU, SU are not fixed[6]. 

In this paper, we process U and V iteratively as follows. We first 

fix U. At that point, V can be figured by tackling the 

accompanying generalized eigenvector problem: 

(DU − SU)v =  DUv                            (2) 

Once V is obtained, U can be updated by solving the following 

generalized eigenvector problem: 

(DV − SV)u =  DVu                     (3) 

Consequently, the optimal U and V can be gotten by iteratively 

figuring the generalized eigenvectors of (2) and (3). In our 

analyses, U is at first set to the character matrix. It is anything 

but difficult to show that the lattices DU, DV, DU −SU, and DV 

−SV are, for the most part, symmetric and positive semi-definite. 

 

III. RESULTS 

 

We contrast our algorithm and the Eigenface (PCA), 

Fisherface(LDA), and Laplacianface (LPP) strategies, three of 

the most famous linear techniques for face recognition. Two face 

databases were utilized. The first is the PIE (Pose, Illumination, 

and Experience) database from CMU, and the subsequent one is 

the ORL database. In all the examinations, preprocessing to find 

the appearances was applied. Unique images were standardized 

(in scale and direction) with the end goal that the two eyes were 

adjusted at a similar position[7]. At that point, the facial regions 

were edited into the last images for coordinating. Each edited 

image's size in all the trials is 32×32 pixels, with 256 dim levels 

for every pixel. No further preprocessing is finished. For the 

Eigenface, Fisherface, and Laplacianface strategies, the image is 

spoken to as a 1024-dimensional vector. 

In contrast, in our algorithm, the image is said to as a (32 ×32)- 

dimensional matrix, or the second request tensor. The closest 

neighbor classifier is utilized for characterization for its 

effortlessness. To put it plainly, the recognition cycle has three 

stages. To start with, we compute the face subspace from the 

preparation set of face images; at that point, the new face image 

to be recognized is extended into d-dimensional subspace (PCA, 

LDA, and LPP) or (d × d)- dimensional tensor subspace (TSA); 

at last, the new face image is recognized by the closest neighbor 

classifier.  

1. Experiments on PIE Database 

The CMU PIE face database contains 68 subjects with 41,368 

face images overall. The face images were caught by 13 

synchronized cameras and 21 glimmers, under fluctuating 

posture, illumination, and expression. The training set is used to 

get familiar with the face complex's subspace portrayal by 

utilizing Eigenface, Fisherface, Laplacianface, and our 

algorithm. The testing images are extended into the face 
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subspace in which recognition is then performed[8]. For each 

given l, we regular the results more than 20  random splits. 

 

 

Fig 1: Error rate vs. dimensionality reduction on PIE 

database 

Figure 1 shows the mistake rate plots versus dimensionality 

reduction for the Eigenface, Fisherface, Laplacianface, 

TSA, and gauge techniques. The recognition is essentially 

acted in the first 1024-dimensional image space with no 

dimensionality reduction for the standard procedure. Note 

that the upper bound of Fisher's face's dimensionality is c 

−1 where c is the number of people. For our TSA algorithm, 

we show its exhibition in the (d × d)- dimensional tensor 

subspace, state, 1, 4, 9, and so on. As can be seen, the 

execution of the Eigen's face, Fisher face, Laplacianface, 

and TSA algorithms fluctuates with the number of 

measurements. We show the best outcomes in Table 1, and 

the relating face subspaces are called optimal face subspaces 

for every technique. It is discovered that our strategy beats 

the other four methods with various numbers of training 

tests (5, 10)per person. The Eigenface technique plays out 

the most noticeably terrible[9]. It doesn't acquire any 

improvement over the gauging approach. The Fisherface 

and Laplacianface strategies perform relative to each. The 

components of the optimal subspaces are additionally given 

in Table 1. 

 

 

 

 

Table 1: Performance comparison on PIE database 

 

Method 5 Train 10 Train 

erro

r 

di

m 

time(

s) 

erro

r 

di

m 

time(

s) 

Baseline 70.1

% 

102

5 

- 58.6

% 

102

5 

- 

Eigenfaces 70.1

% 

339 0.908 55.8

% 

655 5.298 

Fisher 

faces 

31.5

% 

67 1.845 23.5

% 

68 9.608 

Laplacianf

aces 

30.1

% 

67 2.376 22.2

% 

135 11.51

5 

TSA 28.9

% 

132 0.595 17.5

% 

152 2.065 

 

As we have examined, TSA can be executed productively. We 

show the running time in seconds for every technique in Table 

1. As can be seen, TSA is a lot quicker than the Eigenface, 

Fisherface, and Laplacianface strategies[10]. All the algorithms 

were executed in Matlab 6.5, and sudden spike in demand for an 

Intel P4 2.566GHz PC with 1GB memory. 

 

CONCLUSION 

Tensor based face analysis (portrayal and recognition) is 

presented in this paper to identify the fundamental nonlinear face 

complex structure in the way of tensor subspace learning. The 

contiguousness chart approximates the complex system figured 

from the data focuses. The optimal tensor subspace regarding the 

diagram structure is acquired by taking care of an optimization 

problem. We call this Tensor Subspace Analysis technique. A 

large portion of conventional appearance-based face recognition 

strategies (for example, Eigenface, Fisherface, what's more, 

Laplacianface) thinks about an image as a vector in high 

dimensional space. Such a portrayal overlooks the spatial 

connections between the pixels in the picture. In our work, an 

image is generally spoken to as a matrix or the second request 

tensor. Tensor portrayal makes our algorithm considerably more 

computationally proficient than PCA, LDA, and LPP. Test 

results on the PIE database exhibit the proficiency and viability 

of our technique. TSA is linear. Consequently, if the face 

complex is profoundly nonlinear, it might neglect to find the 

inherent geometrical structure. It stays unclear how, to sum up, 

our algorithm to the nonlinear case. 
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