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ABSTRACT

Face recognition is an interesting topic in computer vision
and object recognition. Researchers have proposed numeric
recognition methods under the various conditions such as
different pose, illumination and expression. However no re-
search has been done to depict the relation between face
image resolution and face recognition performance so far.

In this paper, we divide the face image information into
the discriminative and structure information, and conjecture
that the face recognition rate will level off when face image
resolution arrives at one certain resolution threshold. Then,
we propose several PCA and LDA based face recognition
experiments and present statistical results to depict how face
recognition rate changes with face image resolution. The
experimental results validate the conjecture. Moreover, we
propose several experiments to demonstrate that only en-
hancing the structure information could not help to improve
the recognition performance.

1. INTRODUCTION

Face recognition is a popular topic in computer vision and
object recognition in recent twenty years. It has a number
of real-world applications such as surveillance, secure ac-
cess and human/computer interface. Also, many methods
successfully applied in face recognition can be eventually
transferred to other object recognition problems. A detail
survey can be found in [1].

In the following, we will first give a brief review on
recognition methods and then present some research works
about the recognition robustness against the various condi-
tions. Finally, we introduce the related work.

Face Recognition Methods
For review clarity, we divide face recognition techniques
roughly into two categories: a) the global approach, and b)
the component-based approach.

a) In the former category, the input to a classifier is a sin-
gle feature vector that represents the whole face image. Sev-
eral classifiers have been proposed in the literature e.g. min-

imum distance classification in the eigenspace [2] [3] based
on PCA, the independent face space based on ICA [4] and
the discriminative subspace based on LDA [2] [3], neural
networks [5], and probabilistic matching based on intrap-
ersonal/extrapersonal image difference [6] [7]. The global
techniques work well for classifying frontal views of face.
For all the global techniques an alignment stage needs to
be added before classifying the face. In [7] the correspon-
dences between two face images are first built by labeling
some key points and then an affine transform is computed
to warp an input image into a reference face image. Active
morphable model is adopted in [8] to match the input face
with the reference face. Active shape models are used in [9]
to align the input face with the model face. A semiautomatic
alignment step in combination with SVM classification was
proposed in [10].

b) For the component-based algorithms, the main idea is
to compensate for pose changes by allowing a flexible geo-
metrical relation between the components in the classifica-
tion stage. In [11] face recognition was performed by inde-
pendently matching templates of three facial regions(eyes,
nose and mouth). The configuration of the components dur-
ing classification was unstrained since the system did not in-
clude a geometrical model of the face. A similar approach
with an additional alignment stage was proposed in [12].
In [13] a geometrical model of a face was implemented by
a 2-D elastic graph. The recognition was based on wavelet
coefficients that were computed on the nodes of the elastic
graph. In [14] a window was shifted over the face image and
the DCT coefficients computed within the window were fed
into a 2-D Hidden Markov Model.

Face Recognition Robustness
Although some of the previous techniques have achieved
successes in constrained scenarios, the general task of face
recognition still poses a number of challenges with respect
to the changes in illumination, facial expression and pose.
Therefore currently researchers pay more attention to the
study of the robustness against the changes in pose, illumi-
nation and expression.

IPR2023-01014 (TVision Insights, Inc. v. The Nielsen Company (US), LLC)
TVision Insights, Inc. – Ex. 1027, Page 000001



In [15] Bernd Heisele et al. presented a component-
based and two global recognition methods with multi-class
support vector classifier and evaluated them with respect to
the robustness against the pose changes. Takeshi Shakunaga
and Kaz-uma Shigenari proposed a decomposed eigenface
based face recognition method for realizing robust face recog-
nition under various lighting conditions when too few im-
ages are available for registration in [18]. In [16] Geof
Givens and his collaborators considered 11 factors that in-
fluence PCA-based face recognition performance including
race, gender, age, glasses, facial hair, bangs, mouth, eyes,
complexion, makeup and expression. They built an ANOVA
system to analyze the relation between these subject covari-
ates and the distance of the image pairs of the same subject.
Some researchers are also concerned about how to optimize
some specific face recognition methods, e.g. in [17] Wendy
et al. analyzed PCA-based face recognition algorithms and
studied the relation between recognition performance and
the selection of eigenvector and distance measures.

When studying face recognition, researchers all run acr-
oss one problem: what resolution face image is proper for
face recognition. However, it is a pity that no researchers
have worked on this problem. Fortunately, some researchers
have done some related work. Simon Baker et al. thought
that the enhanced information of the high resolution over
the low resolution face could been decided by the low reso-
lution face and built the corresponding face hallucination al-
gorithm [19]. Ce Liu et al. first constructed a ”recognized”
global model to hallucinate the individual global face, then
built a local model to enhance the local face feature [20].

Motivated by their work, we divide face image informa-
tion into two kinds of information: the discriminative in-
formation and the structure information. The former repre-
sents the individual information compared with other face
images. The latter is the common information of all face
images under the same resolution. Then one conjecture is
given that face recognition rate will level off when the face
image resolution arrives at one certain value.

Finally, we perform PCA and LDA-based recognition
algorithms on the AR-face database. The relation curves
between face recognition rate and face resolution validate
that the recognition rate will not increase until the face res-
olution arrives at some certain value. Moreover we propose
experiments to indicate that it does not help to improve face
recognition performance only to enhance the structure in-
formation with the bilinear interpolation.

The rest of this paper is organized as follows. Section
2 presents some analysis of the relation between face image
resolution and face recognition performance, then Section 3
describes two global recognition methods: PCA and LDA.
The experimental results are presented in Section 4. Con-
clusions and discussion are given in the final section.

2. FACE IMAGE RESOLUTION ANALYSIS

In this section, we first introduce the generalized Gaussian
Pyramid, which is used to generate the multi-resolution face
images. Then, we analyze the face image information con-
stitution and conjecture the relation between face recogni-
tion performance and face image resolution. Finally, we
give an example on OCR to illuminate the face information
constitution.

Generalized Gaussian Pyramid
The Gaussian Pyramid [21] starting at level l = k of an
image I is the set of images Gk(I), Gk+1(I), · · · , GN (I)

Gl(I) =

{

I if l = k

REDUCE(Gl−1(I)) if k < l ≤ N

and N is chosen so thatGN (I) is some fixed size. Tradition-
ally the size of Gl(I) is one-forth of Gl−1(I) . In this pa-
per, we want to reduce the high resolution face image (e.g.
256× 192) to any lower resolution one. Firstly, we choose

REDUCE(I)(m,n) =
1

4

1
∑

i=0

1
∑

j=0

I(2m+ i, 2n+ j)

as the pixel averaging function to generate Gaussian inter-
polation to get the face images with the resolution 128×96,
64 × 48, 32 × 24, 16 × 12 . Secondly, we apply the bilin-
ear down-sampling upon the higher resolution face image
Gl(I) near to h× w and generate the generalized Gaussian
face image with the resolution h × w (The higher resolu-
tion face image near to 72× 54 is G1(I) with the resolution
128 × 96). The generalized Gaussian images are shown in
Figure 1 and Figure 2.

Fig. 1. The Gaussian Pyramid

Face Image Information Analysis
When observing an object, people will usually see it more
clearly when moving nearer and see it most clearly when the
distance is (smaller than) one fixed value d0. If the object
is known to be a face, we will recognize it when the dis-
tance is another fixed value d1, which is usually larger than
d0. The former phenomenon can be interpreted by Shannon
Sampling Theory. According to Shannon Sampling Theory,
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Fig. 2. The lower resolution face images from 120×96 to 72×54

using bilinear downsampling on the image of 128× 96

the image with one certain resolution can retain all the orig-
inal image information, i.e., the corresponding reconstruc-
tion image will not lose any information. In the following,
we will analyze the latter phenomenon.

The face image information can be partitioned into two
kinds of information: the discriminative information and
the structure information. The discriminative information
represents the information distinguishing from other face
images. The structure information represents the common
information of all face images under the same resolution,
which can be roughly estimated from the lower resolution
face image. Accordingly, the difference of the discrimina-
tive information between the higher resolution face image
and the lower one is called the enhanced discriminative in-
formation, and the difference of the structure information is
called the enhanced structure information.

Conjecture The discriminative information will increase with
the face image resolution increasing and remain stable when
reaching one specific resolution.

According to this conjecture, the face recognition rate
will increase with the face image resolution and will level
off when arriving at one certain resolution. In Section 4 we
will propose experiments to validate this conjecture.

One Illuminative Example
We give a simple example to illuminate the structure and
discriminative information. When performing optical char-
acter recognition (OCR) with known font definition, we also
observe the similar phenomenon. Before reaching the reso-
lution threshold, the enhanced information is mainly charac-
ter individual information which helps to recognize it more
correctly. When reaching the threshold, most of the en-
hanced information corresponds to the font information. In
this problem, the individual character information corresponds
to the discriminative information and the font information
corresponds to the structure information.

3. PCA AND LDA BASED FACE RECOGNITION
METHODS

In this section, we introduce two global face recognition
methods: PCA and LDA. Then we present some distance
measures adopted in the two methods.

Principal Component Analysis
Given a t-dimensional vector representation of each face,
the Principal Component Analysis (PCA) can be used to
find a subspace whose basis vectors correspond to the maxi-
mum-variance directions in the original space. Let W rep-
resent the linear transformation that maps the original t-
dimensional space onto a f -dimensional feature subspace
where normally f ¿ t. The new feature vectors yi ∈ <f

are defined by yi = WTxi, i = 1, · · · , N . The columns
of W are the eigenvectors ei obtained by solving the eigen-
value decomposition λiei = Qei, where Q = XXT

/

N is
the covariance matrix, and λi the eigenvalue associated with
the eigenvector ei. Usually, before obtaining the eigenvec-
tors ofQ, the average of all image vectors is subtracted from
all image vectors to ensure that eigenvector with the high-
est eigenvalue represents the dimension in the eigenspace
in which variance of vectors is maximum in a correlation
sense.

Pentland et al. [22] have empirically pointed out that su-
perior face recognition results are achieved when the first
two eigenvectors are discarded. This is because the first
two eigenvectors seem to represent changes in illumination.
Figure3 shows the average face together with the first four
eigenfaces (from left to right) on the AR-face database, which
demonstrate the first two eigenfaces represent changes in il-
lumination. In this paper, we will perform face recognition
with eliminating the first two eigenvectors.

Fig. 3. Average face + first 4 eigenfaces

Linear Discriminant Analysis
Linear Discriminant Analysis (LDA) searches for those vec-
tors in the underlying space that best discriminate among
classes (rather than those that best represent the data). More
formally, given a number of independent features relative
to which the data is described, LDA creates a linear com-
bination of these which yields the largest mean differences
between the desired classes. Mathematically speaking, for
all the samples of all classes we define two measures: (i)
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one called within-class scatter matrix, as given by

Sw =
c
∑

j=1

Nj
∑

i=1

(xj
i − µj)(x

j
i − µj)

T

where xj
i is the ith sample of class j, µj is the mean of class

j, c is the number of classes, and Nj the number of samples
in class j; (ii) the other is called between-class scatter ma-
trix

Sb =

c
∑

j=1

(µj − µ)(µj − µ)T

where µ represents the mean of all classes. The goal is to
maximize the between-class measure while minimizing the
within-class measure. One way to do this is to maximize the
ratio det|Sb|

det|Sw|
. Like in [3], we also compute the projection

matrix W with performing SVD on S−1
w Sb. In this paper,

we first choose the PCA subspace as the intermediate space
and then obtain the final discriminating subspace by using
LDA. The first five fisherfaces are shown in Figure4 (from
left to right).

Fig. 4. The first 5 fisherfaces

Distance Measures
There are mainly four traditional distance measures used in
the subspace obtained by PCA or LDA: City-block(L1), Eu-
clidean(L2), Angle and Mahalanobis, which are defined as
follows:

L1 City Block Distance

d(x, y) = |x− y| =
k
∑

i=1

|xi − yi|

L2 Euclidean Distance(Squared)

d(x, y) = ‖x− y‖2 =

k
∑

i=1

(xi − yi)
2

Angle Negative Angle Between Image Vectors

d(x, y) = − x · y
‖x‖ ‖y‖ = −

∑k

i=1
xiyi

√

∑k

i=1
(xi)

2∑k

i=1
(yi)

2

Mahalanobis Mahalanobis Distance

d(x, y) = −
k
∑

i=1

1√
λi

xiyi

where λi is the ith Eigenvalue corresponding to the ith

Eigenvector.
For simplicity, in this paper we choose the block dis-

tance measure and use Nearest Neighbor classifier.

4. EXPERIMENTS

The experimental results to be presented in this section are
obtained using the AR-face database [23]. This database
consists of over 3200 color images of the frontal faces of
126 subjects. There are 26 different images for each sub-
ject. For each subject, these images were recorded in two
different sessions separated by two weeks, each session con-
sisting of 13 images. Each image in the database consists of
a 768× 576 array of pixels.

In this experiment, we choose the first 7 face images
of the first session by eliminating occluded face images for
each subject, as shown in Figure5. Then we have 126 × 7
face images. We observe that the size of the face part is
almost above 256× 192. We manually locate the centers of
eye and then perform geometric normalization with the eye
locations fixed to get geometric normalized face image with
the size 256 × 192. One example of normalized faces is in
Figure6. Then we use the generalized Gaussian Pyramid to
generate the multi-resolution face images as shown Figure1
and Figure2.

Fig. 5. The first 7 faces of the first session in the AR face database
for one subject

The Relation Curve Between Face Recognition Perfor-
mance and Face Image Resolution
In this experiment, we use a leave-one-out methodology to
obtain statistical results. We randomly choose one of seven
images for each subject as the testing part and the remain-
ders as the training part. Because this process is quite time-
consuming, we performed the randomly choosing method
seven times with assuring that iff each of seven face im-
ages is chosen once as the testing face image. We test PCA
and LDA face recognition methods with Nearest Neighbor
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Fig. 6. The normalized faces

classifier. The result is depicted in Figure7. From the curve
changing trend, we can observe that the threshold resolution
is about 64 × 48, i.e., before 64 × 48 the recognition rate
increases roughly with the increasing resolution and when
reaching 64× 48, the rate keeps stable when the resolution
increasing.
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Fig. 7. Performance curve with the resolution changing from 16×

12 to 136× 102 based on PCA (the left figure) and LDA (the right
figure)

Structure Information versus Face Recognition Perfor-
mance
We are also concerned about how the enhanced structure
information influences recognition performance. So we ex-
pand the face images with the resolution 16 × 12, 32 × 24
and 64× 48 to the corresponding higher resolution face im-
ages with the resolution 32 × 24, 64 × 48 and 128 × 96
by the bilinear interpolation1. Then we perform PCA and
LDA based classifiers while keeping the energy ratio 90%
and keeping the eigenvector number fixed.

From Figure8, we have the following two observations:
(1) the recognition rate of expanded faces will decrease in
comparison with unexpanded faces when keeping the en-
ergy ratio fixed and keeping the eigenvector number fixed

1Strictly speaking, the bilinear interpolation only adds a little structure
information. A reasonable method to enhance the structure information
should incorporate the prior information of the higher resolution faces.

using PCA, and (2) for LDA when keeping the energy ra-
tio fixed the recognition rate will decrease, however when
keeping the eigenvector number fixed the recognition will
increase a little and still be less than the near higher resolu-
tion face recognition rate ( 64× 48 is an exception because
recognition rate in unexpanded 64×48 is higher than unex-
panded 128 × 96, which is seen in Figure7). From the two
observations, we conclude that only enhancing the struc-
ture information does not help to improve recognition per-
formance.
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Fig. 8. Performance comparison. The first column of each resolu-
tion represents real h×w, the second represents expanded 2h×2w

while keeping the energy ratio fixed, the third represents expanded
2h×2w while keeping the eigenvector number fixed and the fourth
represents real 2h×2w. The top figure is for PCA, and the bottom
for LDA.

5. CONCLUSION

In this paper, we first analyze the relation between face recog-
nition rate and face image resolution by dividing face image
information into the discriminative and structure informa-
tion. Then, we test two global face recognition algorithms
on the AR-face database to obtain the relation curve, which
validates our conjecture and also gives the threshold resolu-
tion of 64× 48.
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The statistical results help the researchers on face recog-
nition to choose the appropriate resolution face image. On
the other hand, they also help to understand face hallucina-
tion algorithm proposed in [20] and provide a good advice
that the global model embedding a middle-resolution face
image and local model built from the middle-resolution to
the high-resolution should be more reasonable.
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