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Abstract. In this paper we address for the first time, the problem of
video-based face recognition in the context of sparse representation clas-
sification (SRC). The SRC classification using still face images, has re-
cently emerged as a new paradigm in the research of view-based face
recognition. In this research we extend the SRC algorithm for the prob-
lem of temporal face recognition. Extensive identification and verification
experiments were conducted using the VidTIMIT database [1,2]. Com-
parative analysis with state-of-the-art Scale Invariant Feature Trans-
form (SIFT) based recognition was also performed. The SRC algorithm
achieved 94.45% recognition accuracy which was found comparable to
93.83% results for the SIFT based approach. Verification experiments
yielded 1.30% Equal Error Rate (EER) for the SRC which outperformed
the SIFT approach by a margin of 0.5%. Finally the two classifiers were
fused using the weighted sum rule. The fusion results consistently out-
performed the individual experts for identification, verification and rank-
profile evaluation protocols.

1 Introduction

It is long known that appearance-based face recognition systems critically de-
pend on manifold learning methods. A gray-scale face image of order a×b can be
represented as an ab-dimensional vector in the original image space. However any
attempt of recognition in such a high dimensional space is vulnerable to a variety
of issues often referred to as the curse of dimensionality. Typically in pattern
recognition problems it is believed that high-dimensional data vectors are redun-
dant measurements of an underlying source. The objective of manifold learning
is therefore to uncover this “underlying source” by a suitable transformation
of high-dimensional measurements to low-dimensional data vectors. View-based
face recognition methods are no exception to this rule. Therefore, at the feature
extraction stage, images are transformed to low dimensional vectors in a face
space. The main objective is to find a basis function for this transformation,
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which could distinguishably represent faces in the face space. Linear transfor-
mation from the image space to the feature space is perhaps the most traditional
way of dimensionality-reduction, also called “Linear Subspace Analysis”.

A number of approaches have been reported in the literature including Princi-
pal Component Analysis (PCA) [3], [4], Linear Discriminant Analysis (LDA) [5]
and Independent Component Analysis (ICA) [6], [7]. These approaches have been
classified in two categories namely reconstructive and discriminative methods.
Reconstructive approaches (such as PCA and ICA) are reported to be robust for
the problem related to contaminated pixels, whereas discriminative approaches
(such as LDA) are known to yield better results in clean conditions [8]. Never-
theless, the choice of the manifold learning method for a given problem of face
recognition has been a hot topic of research in the face recognition literature.
These debates have recently been challenged by a new concept of “Sparse Repre-
sentation Classification (SRC)” [9]. It has been shown that unorthodox features
such as downsampled images and random projections can serve equally well. As
a result the choice of the feature space may no longer be so critical [9]. What
really matters is the dimensionality of the feature space and the design of the
classifier. The key factor to the success of sparse representation classification is
the recent development of “Compressive Sensing” theory [10].

Due to the ever increasing security threats, video surveillance systems have
been deployed on a large scale. With the additional temporal dimension, video
sequences are much more informative than still images. As a result the person
identification task is facilitated due to specific attributes of each subject such
as head rotation and pose variation along the temporal dimension. Additionally
more efficient face representations such as super resolution images can be derived
from video sequences for further enhancement of the overall system. These mo-
tivations have urged researchers to look into the development of face recognition
systems that can utilize the spatiotemporal information in video sequences. It
is therefore becoming imperative to evaluate present state-of-the-art face recog-
nition algorithms for video-based applications. With this understanding, this
research is targeted to the extension of the recently proposed SRC classifica-
tion for the problem of video-based face recognition. The primary objective is
to critically analyze the new approach in comparison with state-of-the-art SIFT
features based algorithm. The rest of the paper is organized as follows: Section
2 provides an overview of the SRC algorithm followed by a brief description of
SIFT based recognition in Section 3. Experimental results and discussion are
presented in Section 4, the paper concludes in Section 5.

2 Sparse Representation for Face Recognition

We now discuss the basic framework of the face recognition system in the con-
text of sparse representation [9]. Let us assume that we have k distinct classes
and ni images available for training from the ith class. Each training sample is
a gray scale image of order a × b. The image is downsampled to an order w × h
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and is converted into a 1-D vector vi,j by concatenating the columns of the
downsampled image such that vi,j ∈ R

m (m = wh). Here i is the index of the
class, i = 1, 2, . . . , k and j is the index of the training sample, j = 1, 2, . . . , ni.
All this training data from the ith class is placed in a matrix Ai such that Ai =
[vi,1,vi,2, . . . . . . ,vi,ni ] ∈ R

m×ni . As stated in [9], when the training samples
from the ith class are sufficient, the test sample y from the same class will
approximately lie in the linear span of the columns of Ai:

y = αi,1vi,1 + αi,2vi,2 + · · · + αi,nivi,ni (1)

where αi,j are real scalar quantities. Now we develop a dictionary matrix A for
all k classes by concatenating Ai, i = 1, 2, . . . , k as follows:

A = [A1, A2, . . . , Ak] ∈ R
m×nik (2)

Now a test pattern y can be represented as a linear combination of all n
training samples (n = ni × k):

y = Ax (3)

Where x is an unknown vector of coefficients. Now from equation 3 it is relatively
straight forward to note that only those entries of x that are non-zero correspond
to the class of y [9]. This means that if we are able to solve equation 3 for x we
can actually find the class of the test pattern y. Recent research in compressive
sensing and sparse representation [11,10,12,13,14] have shown that using the
sparsity of the solution of equation 3, enables us to solve the problem using
l1-norm minimization:

(l1) : x̂1 = argmin ‖x‖1 ;Ax = y (4)

Once we have estimated x̂1, ideally it should have nonzero entries correspond-
ing to the class of y and now deciding the class of y is a simple matter of locating
indices of the non-zero entries in x̂1. However due to noise and modeling lim-
itations x̂1 is commonly corrupted by some small nonzero entries belonging to
different classes. To resolve this problem we define an operator δi for each class
i so that δi(x̂1) gives us a vector ∈ R

n where the only nonzero entries are from
the ith class. This process is repeated k times for each class. Now for a given
class i we can approximate ŷi = Aδi(x̂1) and assign the test pattern to the class
with a minimum residual between y and ŷi.

min
︸︷︷︸

i

ri(y) = ‖y − Aδi(x̂1)‖2 (5)

3 Scale Invariant Feature Transform (SIFT) for Face
Recognition

The Scale Invariant Feature Transform (SIFT) was proposed in 1999 for the
extraction of unique features from images [15]. The idea, initially proposed for
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a more generic object recognition task, was later successfully applied for the
problem of face recognition [16]. Interesting characteristics of scale/rotation in-
variance and locality in both spatial and frequency domains have made the SIFT-
based approach a pretty much standard technique in the paradigm of view-based
face recognition. The first step in the derivation of the SIFT features is the iden-
tification of potential pixels of interest called “keypoints”, in the face image. An
efficient away of achieving this is to make use of the scale-space extrema of the
Difference-of-Gaussian (DoG) function convolved with the face image [15]. These
potential keypoints are further refined based on the high contrasts, good local-
ization along edges and the ratio of principal curvatures criterion. Orientation(s)
are then assigned to each keypoint based on local image gradient direction(s).
A gradient orientation histogram is formed using the neighboring pixels of each
keypoint. Contribution from neighbors are weighted by their magnitudes and
by a circular Gaussian window. Peaks in the histogram represent the dominant
directions and are used to align the histogram for rotation invariance. 4 × 4
pixel neighborhoods are used to extract eight bin histograms resulting in 128-
dimensional SIFT features. For illumination robustness, the vectors are normal-
ized to unity, thresholded to a ceiling of 0.2 and finally renormalized to unit
length. Figure 1 shows a typical face from the VidTIMIT database [1,2] with
extracted SIFT features.

Fig. 1. A typical localized face from the VidTIMIT database with extracted SIFTs

During validation a SIFT feature vector from the query video fq is matched
with the feature vector from the gallery:

e = arccos [fq(fg)T ] (6)

where fg corresponds to a SIFT vector from a training video sequence. All SIFT
vectors from the query frame are matched with all SIFT features from a training
frame using Equation 6. Pairs of features with the minimum error e are consid-
ered as matches. Note that if more than one SIFT vector from a given query
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frame happens to be the best match with the same SIFT vector from gallery
(i.e. many-to-one match scenario), the one with the minimum error e is cho-
sen. Other false matches were reduced by matching the SIFT vectors from only
nearby regions of the two images.

In principle, for different image pairs we have different number of matches.
This information is further harnessed to be used as an additional similarity
measure between the two faces. The final similarity score between two frames
is computed by normalizing the average error e between their matching pairs of
SIFT features and the total number of matches z on a scale [0,1] and then using
a weighted sum rule.

e′ =
e − min (e)

max (e − min (e))
(7)

z′ =
z − min (z)

max (z − min (z))
(8)

s =
1
2
(βee

′ + βz(1 − z′)) (9)

where βe and βz are the weights of normalized average error e′ and normalized
number of matches z′ respectively. It has to be noted that e′ is a distance (dis-
similarity) measure while z′ is a similarity score, therefore in Equation 9 z′ is
subtracted from 1 for a homogeneous fusion. Consequently s becomes a distance
measure.

4 Results and Discussion

The problem of temporal face recognition using the SRC and SIFT feature based
face recognition algorithms was evaluated on the VidTIMIT database [1], [2].
VidTIMIT is a multimodal database consisting of video sequences and corre-
sponding audio files from 43 distinct subjects. The video section of the database
characterizes 10 different video files from each subject. Each video file is a se-
quence of 512 × 384 JPEG images. Two video sequences were used for training
while the remaining eight were used for validation. Due to the high correlation
between consecutive frames, training and testing were carried out on alternate
frames. Off-line batch learning mode [17] was used for these experiments and
therefore probe frames did not add any information to the system.

Face localization is the first step in any face recognition system. Fully au-
tomatic face localization was carried out using a Harr-like feature based face
detection algorithm [18] during off-line training and on-line recognition sessions.
For the SIFT based face recognition, each detected face in a video frame was
scale-normalized to 150 × 150 and histogram equalized before the extraction of
the SIFT features. We achieved an identification rate of 93.83%. Verification
experiments were also conducted for a more comprehensive comparison between
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Fig. 2. A sample video sequence from the VidTIMIT database

the two approaches. An Equal Error Rate (EER) of 1.8% was achieved for the
SIFT based verification. Verification rate at 0.01 False Accept Rate (FAR) was
found to be 97.32%.

For the SRC classifier, each detected face in a frame is downsampled to or-
der 10× 10. Column concatenation is carried out to generate a 100-dimensional
feature vector as discussed in Section 2. Off-line batch learning is carried out
on alternate frames using two video sequences as discussed above. Unorthodox
downsampled images in combination with the SRC classifier yielded quite com-
parable recognition accuracy of 94.45%. EER dropped to 1.3% with a verification
accuracy of 98.23% at 0.01 FAR. The rank profile and ROC (Receiver Operating
Characteristics) curves are shown in Figure 3 (a) and 3 (b) respectively.

We further investigated the complementary nature of the two classifiers by
fusing them at the score level. The weighted sum rule is used which is perhaps
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Fig. 3. (a)Rank profiles and (b) ROC curves for the SIFT, SRC and the combination
of the two classifiers
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the major work-horse in the field of combining classifiers [19]. Both classifiers
were equally weighted and a high recognition accuracy of 97.73% was achieved
which outperforms the SIFT based classifier and the SRC classifier by a margin
of 3.90% and 3.28% respectively. Verification experiments also produced superior
results with an EER of 0.3% which is better than the SIFT and the SRC based
classification by 1.5% and 1.0% respectively. An excellent verification of 99.90%
at an FAR of 0.01 is reported. Fusion of the two classifiers substantially im-
proved the rank profile as well achieving 100% results at rank-5 only. A detailed
comparison of the results is provided in Table 1.

Table 1. Summary of results

Evaluation Attributes SIFT SRC Fusion

Recognition Accuracy 93.83% 94.45% 97.73%

Equal Error Rate 1.80% 1.30% 0.30%

Verification rate at 0.01 FAR 97.32% 98.23% 99.90%

Presented results certainly reflect a comparable performance index for the
SRC classifier as compared to state-of-the-art SIFT based recognition. Exten-
sive experiments based on identification, verification and rank-recognition eval-
uations consistently reflect better results for the SRC approach. Moreover the
complementary information exhibited by the SRC method increased the veri-
fication success of the combined system to 99.9% for the standard 0.01 FAR
criterion. Figure 4 shows variation in the recognition accuracy with the change
in the normalized weight of the SRC classifier at the fusion stage. Approximately
the highest recognition is achieved when both classifiers were equally weighted
i.e. no prior information of the participating experts was incorporated in fusion.

Apart from these appreciable results it was found that the l1-norm minimiza-
tion using a large dictionary matrix made the iterative convergence lengthy and
slow. To provide a comparative value we performed computational analysis for a
randomly selected identification trail. The time required by the SRC algorithm
for classifying a single frame on a typical 2.66 GHz machine with 2 GB memory
was found to be 297.46 seconds (approximately 5 minutes). This duration is ap-
proximately 5 times greater than the processing time of the SIFT algorithm for
the same frame which was found to be 58.18 seconds (approximately 1 minute).
Typically a video sequence consists of hundreds of frames which would suggest
a rather prolonged span for the evaluation of the whole video sequence. Note-
worthy is the fact that experiments were conducted using an offline learning
mode [17]. The probe frames did not contribute to the dictionary information.
Critically speaking, the spatiotemporal information in video sequences is best
harnessed using smart online [20] and hybrid [21] learning modes. These inter-
active learning algorithms add useful information along the temporal dimension
and therefore enhance the overall performance. However, in the context of SRC
classification, this would suggest an even larger dictionary matrix and conse-
quently a lengthier evaluation.
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Fig. 4. Variation in performance with respect to bias in fusion

5 Conclusion

Sparse representation classification has recently emerged as the latest paradigm
in the research of appearance-based face recognition. In this research we eval-
uated the approach for the problem of video-based face recognition. An iden-
tification rate of 94.45% is achieved on the VidTIMIT database which is quite
comparable to 93.83% accuracy using state-of-the-art SIFT features based al-
gorithm. Verification experiments were also conducted and the SRC approach
exhibited an EER of 1.30% which is 0.5% better than the SIFT method. The
SRC classifier was found to nicely complement the SIFT based method, the
fusion of the two methods using the weighted sum rule consistently produced
superior results for identification, verification and rank-recognition experiments.
However since SRC requires an iterative convergence using an l1-norm mini-
mization, the approach was found computationally expensive as compared to
the SIFT based recognition. Typically SRC required 5 minutes (approximately)
for processing a single recognition trial which is 5 times greater than the time
required by the SIFT based approach. To the best of our knowledge, this is
the first evaluation of the SRC algorithm on a video database. From the ex-
periments presented in the paper, it is quite safe to maintain that additional
work is required before the SRC approach is declared as a standard approach for
video-based applications. Computational expense is arguably an inherent issue
with video processing giving rise to the emerging area of “Video Abstraction”.
Efficient algorithms have been proposed to cluster video sequences along the
temporal dimension (for example [22] including others). These clusters are then
portrayed by cluster-representative frame(s)/features resulting in a substantial
decrease of complexity. Given the good performance of the SRC algorithm pre-
sented in this research, the evaluation of the method using state-of-the-art video
abstraction methods will be the subject of our future research.
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