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Abstract. Single Sample Per Person (SSPP) Face Recognition is re-
ceiving a significant attention due to the challenges it opens especially
when conceived for real applications under unconstrained environments.
In this paper we propose a solution combining the effectiveness of deep
convolutional neural networks (DCNN) feature characterization, the dis-
criminative capability of linear discriminant analysis (LDA), and the
efficacy of a sparsity based classifier built on the k-LiMapS algorithm.
Experiments on the public LFW dataset prove the method robustness to
solve the SSPP problem, outperforming several state-of-the-art methods.

1 Introduction

Although the overwhelming adoption and achievements of deep neural networks
for face recognition systems, some challenging problems are still open, mainly
concerning the quality and quantity of usable data. For instance, actual recogni-
tion techniques suffer when the images are captured in uncontrolled conditions,
entailing variations in illumination, pose, expression and occlusion. Moreover,
the recognition task becomes very hard when only one image per subject is
available in the gallery/train construction, tackling the so called single sample
per person (SSPP) problem [8]. SSPP is an extreme case of small sample size
(SSS) problem, and grounds its motivations in applicative scenarios such as e-
passport control, law enforcement, surveillance, human-computer interaction, to
name but a few. Hence, designing effective automatic recognition systems for
SSPP referring to images acquired in uncontrolled conditions is still a major
challenge in computer vision, whose success may have a considerable impact on
the real world.

In recent years, some methods extending state-of-the-art systems have been
proposed to tackle the SSPP problem, achieving promising but not yet satisfac-
tory results [8]. Without expecting to be exhaustive, in Sec. 1.1 we recall some
recent works that have given a great impulse in this research field.



In this paper (cfr Sec. 2) we propose a new effective technique3 facing the
SSPP problem by coupling deep-learned features with the sparse representation
paradigm. The adoption of DCNN features was already proven discriminative
with small galleries [5]. In our proposal, the sparse representation paradigm relies
on k-LiMapS algorithm [2], accomplishing the task of recovering a succinct
coding of a probe image. The method takes as input a feature and activates
an optimization process exploiting a target objective function that relaxes the
pseudo-norm `0. This approach, although not using a convex cost function, is fast
and does not suffer from bottlenecks of high computational times, as typically
happens for simplex-based solver using `1-norm, such as the method SRC (Sparse
Representation Classifier), proposed in [17].

The effectiveness of the method is proven in Sec. 3 where evaluations and
comparisons are computed on the very challenge dataset LFW. Finally, Sec. 4
provides the conclusions and draws potential future directions in this domain.

1.1 Related works

To a first approximation, the methods tackling the SSPP problem can be divided
into three categories [8]: 1) generic learning methods, that pre-train some feature
extractors or part of the model on a generic unlabeled image set, distinct from
both gallery and test sets, 2) virtual image generation models, which produce
new synthetic face images in order to enrich the gallery, and 3) methods of
decomposition into local regions, that form a larger and more discriminative
training set.

Among the generic learning approaches, the authors of [4] propose the idea
of mapping images of distinct subjects into points that are equidistant in an
embedding space, maximizing the inter-subject margin of each prototype. Such
mapping is realized through a computationally optimized incremental algorithm
of linear regression analysis on LBP and Gabor feature descriptors. The pa-
per [18] proposes JCR-ACF, a joint collaborative representation based classifier
operating on features learned by a DCNN from local patches that are rather
discriminative of facial characteristics. They first train a variated DeepID [15]
network on highly-discriminative local patches of a large dataset, thus obtaining
an adaptive convolutional feature (ACF) extractor network. The ACF vectors
resulting from the gallery and the generic dataset respectively form the gallery
dictionary and the intra-class variation dictionary: the first contains prototype
atoms for different subjects, while the latter accounts for facial characteristic
variations in local regions within a subject. The joint dictionary is then used
in an `2-regularized CRC model with a functional term accounting for within-
class scattering. The work [5] introduces S3RC, a sparse representation based
classification method dealing with small number of samples per subject, and
even single sample in the extreme case. Assuming a sparse linear representation
by gallery and variation dictionary, the method models the residual error of a

3 A demo code is available on the website: https://github.com/phuselab/

SSPP-face_recognition

https://github.com/phuselab/SSPP-face_recognition
https://github.com/phuselab/SSPP-face_recognition


sample as a Gaussian Mixture Model noise, whose parameters (centroid and co-
variance matrix) are estimated in maximum likelihood sense by an EM algorithm
initialized with the empirical distribution as class prior. Hence, the estimated
centroids form the gallery dictionary, while the variation dictionary is obtained
from single samples or from standard within-class centering of labeled samples.

An example of recent methods proposing virtual image generation, [20] uti-
lizes an auto-encoder neural network for the nonlinear estimation of the distinct
manifolds encapsulating pose variation and individual’s information; such sepa-
ration allows to generate virtual samples of each person synthesized in different
poses. Subsequently the augmented dataset is fed to another auto-encoder for
training the classifier.

Within image decomposition methods, the authors of [9] propose a multi-
phase `2-regularized CRC based on local structure of decomposed sample image.
A complete structured dictionary is then formed by separate subdictionaries,
each built by the local patches in a large region across all sample images. A
test image, preprocessed by the same local structure scheme, undergoes a CRC
classification, producing a vector of votes for the classes, and then some minority
classes with their atoms are removed to promote vote distribution’s sparsity.
The phases of classification and minority pruning are repeated until reaching a
satisfactory majority voting outcome. The experiments indicate an improvement
compared to state-of-the-art alternatives.

More recently, the authors of [14] have studied a very particular subprob-
lem of SSPP, namely the problem of classifying the identity of a whole batch
of “probe” images for each subject, instead of a single image at a time. In
light of these premises, they use the probe images of each subject to learn a cus-
tomized intra-class variation dictionary, later exploited in an extended joint spar-
sity model (CD-EJSR) that accounts for the gallery (represented as additional
dictionary) containing single samples. Notably, they analytically derive a closed-
form solution of such two-phase quasi-quadratic model through the ADMM op-
timization, demonstrating efficient computational times. However, their method
does not take advantage of any informative feature extraction, but rather uses
suitably cropped-resized grayscale images.

2 Proposed Method

To address the SSPP problem, in this section we detail a new effective technique
that combines deep-learned features with the sparse representation paradigm.
More precisely, as shown in the block diagram of Fig. 1, in a first stage new
images are yielded by applying simple transformations, i.e. flipping, zooming and
shifting, commonly used in the CNN domain to augment the training set. Next,
deep neural network features are extracted by applying the VGG-face net [11] to
the so obtained images. Given the high dimensionality of the learned features, we
resort to the linear discriminant analysis (LDA) to provide highly discriminative
and reduced features. Lastly, arranging the discriminative features of the gallery
images in a number of dictionaries and leveraging on `0-norm minimization, the
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Fig. 1. Block diagram of the classification process. First, image augmentation, second,
feature characterization via DCNN, third, data organization in dictionaries and LDA
transformation, finally k-LiMapS classifier to produce the face identity.

k-LiMapS algorithm [2] is used to sparsely represent the features of the probe
images against the dictionaries, aiming at seeking the corresponding subject
identity.

2.1 Augmented Features

The SSPP problem can refer either to the unique target images available [16],
or try to enrich the gallery as stated in Sec. 1.1. In this work, as we use a
sparsity based classifier, multiple instances per subject are required. To attain
them, several techniques could be adopted [12]. Here we refer to the traditional
transformation of shifting, zooming in/out, and flipping, deputizing the feature
extraction step to capture more complex data information.

Specifically, for each face image I belonging to the image space I, after the
face localization [3], a pool of transformations on I is applied: flips F1, F2, shifts
S1, . . . , Sa, and zooms Z1, . . . , Zb. These provide the set of new transformed
images

AI =
⋃

(f,s,z)∈{1,2}×{1,...,a}×{1,...,b}

{
Zz(Ss(Ff (I))))

}
of cardinality d = 2 a b, together with the associated index set D = {1, . . . , d},
collecting all kind of transformations applied, and isomorphic to the Cartesian
product giving rise all triples (f, s, z) in previous union.

To be successful in classification, each face image Ij ∈ AI , has to be rep-
resented in a proper feature space. Recently, Gao et al. [5] have shown that
coupling even simple classifiers with deep-learned features significantly improve
the system performances. Supported by this evidence, here we derive the feature
characterization adopting the VGG-face net [11], a public deep convolutional



neural network (DCNN) trained to recognize faces, and referring to the last full
connected output. In particular, for each augmented image Iij of subject i, with

j ∈ D, we compute the feature ϕij = VGG-face(Iij), which is a p-dimensional
sparse vectors, with p = 4096. The feature set associated to the image I is then

FI = {ϕi1, . . . , ϕid} ⊆ Rp.

2.2 Feature Projection onto LDA Space

Suppose we are given q subjects C = {1, . . . , q} with a single image per subject for
the gallery construction, and a target image of a subject s ∈ C. As described in
Sec. 2.1, both gallery and probe images undergo the face augmentation module,
followed by the extraction of features by the VGG-face net. As shown in the
block diagram of Fig. 1, gallery features are then arranged in L dictionaries,
Φ1, . . . , ΦL, as columns.

In principle, we could admit arbitrary collections of features in each dictio-
nary so as to increase the covariance within each one. Here the simplest case
where the features are arranged k by k is taken into account. In this way, a
specific dictionary matrix Φl results in an group of k ≤ d features independently
picked from the set F , i.e,

Φl =
[
ϕ1
l1 | · · · | ϕ

1
lk
| · · · · · · | ϕql1 | · · · | ϕ

q
lk

]
(1)

where {l1, . . . , lk} ⊆ D specify the features chosen for the l-th dictionary and
1, . . . , q the subject’s IDs in the gallery. Naturally, the same transformations are
addressed for the probe image Is, thus producing the features ϕsj for all j ∈ D.

In order to gain a more discriminatory capacity, we apply an additional trans-
formation to the features by means of the Fisher’s linear discriminant analysis
(LDA) [13], a widely used technique for pattern classification problems. It em-
ploys Fisher’s ratio, which is the ratio of the between-class scatter matrix and the
within-class scatter matrix allowing to derive a set of feature vectors by project-
ing high-dimensional data onto a low-dimensional data space while maximizing
class separability. Very briefly, given a dictionary of features Φl corresponding
to the classes in C, let

µ =
1

q k

q∑
i=1

k∑
j=1

ϕilj and µi =
1

k

k∑
j=1

ϕilj

be the global mean and the mean of class i respectively,

SW =

q∑
i=1

k∑
j=1

(ϕilj − µi)(ϕ
i
lj − µi)

T

the between-class scatter matrix, and

SB = k

q∑
i=1

(µi − µ)(µi − µ)T



within-class scatter matrix The Fisher’s discriminant analysis finds a weight
matrix W ∈ Rp×(q−1) that projects all samples ϕj ∈ Φl in the low-dimensional
feature space Rq−1 to achieve the best possible class separability. The linear
transformation Wl is optimal in the sense of Raleigh quotient which is the ra-
tio of the between-class scatter to the within-class scatter, and is achieved by
optimizing the functional

J(W ) =
|WT

l SBWl|
|WT

l SWWl|
,

in terms of the generalized eigenvalue problem. In previous formula, | · | stands
for the determinant of a matrix.

Downstream of the LDA analysis, we obtain both new dictionaries and new
probe features actually used in the identity recovery via sparse representation,
as explained in Sec. 2.3. Hereafter, the new train and probe features lying in the
LDA space will be denoted with the superscript LDA and computed as follows:

ΦLDA
l = Wl Φl, for all l = 1, . . . , L (2)

for the dictionaries and

ϕLDA,i
lf

= Wl ϕ
i
lf
, for all f ∈ {1, . . . , k} (3)

for the features of the probe identity i.

2.3 Sparse Representation by `0-norm Minimization

The general framework of sparse representation relies on a linear combination
of few atoms, i.e., representative samples, to approximate a probe sample at
hand. To calculate the solution, that is the representation coefficients of atoms,
many optimizers could be used, being each one characterized by different norm
minimization incorporating the sparsity constraints [19]. In this work we will
concerns with `0-norm4 minimization that is undertaken by iterative algorithms
working on feature space both for dictionary and probe images.

Let x1, · · · , xm ∈ Rn be the known samples arranged on a matrix X ∈
Rn×m (with n < m) as columns defining an overcomplete dictionary. Under this
setting, for a given vector y ∈ Rn, the goal is to find a solution to the under-
determined linear system y = Xα. From the side of linear algebra, the problem is
ill-posed since it will never have a unique solution. To overcome this ambiguity,
it is feasible to impose suitable regularization constraints to the solution α such
as those aimed at recovering the sparsest solution. A way to find the sparsest
representation solution is to solve the aforementioned linear system with the
`0-norm minimization constraint. More precisely, the problem can be recast as

argmin
α∈Rm

‖α‖0 subject to Xα = y. (P0)

4 Strictly speaking the `0-norm is not actually a norm, it is a cardinality function
counting the number of nonzero elements in a vector.



It is worth emphasizing that problem (P0) is a well-known NP-hard opti-
mization problem [10], thus forcing to seek out plausible variants of the problem,
provided they can be efficiently solvable.

Because real data, as well as the features representing images, are generally
noisy, the original exact model y = Xα could be realistically replaced by the
noisy model y = Xα + η, where data contains a small or controlled amount of
noise η ∈ Rn, having bounded energy or variance ‖η‖ ≤ ε. With the presence of
noise, the sparse solutions of problems (P0) can be approximately obtained by
resolving the following optimization problem

argmin
α∈Rm

‖α‖0 subject to ‖Xα− y‖22 ≤ ε. (Pε)

Furthermore, in many contexts it is very common to introduce a strong ap-
proximation variant of the exact problem (P0) by emphasizing the required spar-
sity level k, thus rewriting the problem in the form

argmin
α∈Rm

‖Xα− y‖22 subject to ‖α‖0 ≤ k. (Pa)

As a source of inspiration, to tackle the latter problem, we resort to the
sparsity solver called k-LiMapS [2], which is an algorithm able to solve the sparse
approximation problem (Pa) over redundant dictionaries, where the input signal
is expressed as a linear combination of k atoms or fewer from the dictionary.

Roughly speaking, the basic strategy of the method rests on a family of non-
linear mappings which results to be contractive in a interval close to zero. By
iterating contractions and projections, the method is able to extract the most
significant components also for noisy signals which subsume ideal underlying
signals having sufficiently sparse representation. For reasonable error level, the
fixed point solution of such a iterative scheme provides a sparse approximation
containing only the nonzero terms characterizing the unique sparsest representa-
tion of the ideal noiseless sparse signal. Algorithm k-LiMapS adopts the `0-norm
optimization, and is based on a suitable parametric family of Lipschitzian type
mappings providing an easy and fast iterative scheme. In [6,1] we have already
proven its effectiveness tackling the FR problem. Here we show how to apply it
to the SSPP problem posed at the origin of this work.

2.4 Identity Recovery via k-LiMapS Sparsity Promotion

As argued in the previous section, the problem of recognizing the identity of
a probe image among a number of subjects can be casted into the problem of
finding k-sparse solutions to a linear system collecting k features per subject.
The latter statement represents the rationale behind our recognition strategy,
which is better detailed below:

1. split the feature set D into L pools each of cardinality k, {l1, . . . , lk} so that
D = { 1, . . . , k,︸ ︷︷ ︸

feats in dict 1

| k + 1, . . . 2k,︸ ︷︷ ︸
...

| · · · | (l − 1)k + 1, . . . , lk,︸ ︷︷ ︸
feats in dict l: l1,...,lk

| . . . , Lk︸︷︷︸
d-th feat

}.



2. for each pool {l1, . . . , lk} ⊆ D according to (2) build the dictionary ΦLDA
l ∈

R(q−1)×m, where q is the amount of subjects in the gallery and m = k q,

3. for a probe image of generic identity i ∈ C, according to (3), compute the

features ϕLDA,i
lf

for each f ∈ {1, . . . , k}, and for each l ∈ {1, . . . , L},

4. for each pair dictionary/feature, i.e., for all (l, f) ∈ {1, . . . , L} × {1, . . . , k},
solve the problem (Pa), meaning to find the k-sparse solution α̂l,f satisfying

α̂l,f = argmin
α∈Rm

‖ΦLDA
l α− ϕLDA,i

lf
‖ subject to ‖α‖0 ≤ k. (4)

Notice that the leading idea boils down to the very essence of covariance
between atoms in a dictionary. Indeed, fixing at k the sparsity level of the ap-
proximate solutions to the linear systems at hand, we hope to intercept solely
the atoms corresponding to the k features of ΦLDA

l associated to subject i, as
highlighted below

ΦLDA
l =

[
ϕ1
l1 | · · · | ϕ

1
lk
| · · · | ϕil1 | · · · | ϕ

i
lk
|︸ ︷︷ ︸

subject i

· · · | ϕql1 | · · · | ϕ
q
lk

]
.

In other words, the probe features ϕLDA,i
l1

, . . . , ϕLDA,i
lk

and those highlighted
above in the dictionary should be highly correlated and therefore the latter
widely preferred to the others in the dictionary.

A singular aspect of this process is the fact that the support5 of sparse
solution to the linear system (4) is more informative than the linear combination
of atoms multiplied by the representation coefficients. Indeed, we empirically
shown that this classification approach improves the global recognition rates
and certainly overcomes the weakness of widely used methods based on residual
measures (e.g., least square minimization) when dealing with noisy images.

On the basis of these considerations, at the end of previous steps yielding the
pool A = {α̂1, . . . , α̂d} of d6 sparse solutions, we take the support of each vector
and use the following very easy approach for the classification step.

1. Define the mapping L : {1, . . . , d} → C from the column-index i of ΦLDA
l to

the corresponding subject L(i) ∈ C,

2. using previous mapping, define

Vj = {L(i) ∈ C : i ∈ supp(α̂j), α̂j ∈ A}

as the multiset of votes collected from each subject in C,
5 For a given of vector α, the support supp(α) is the index pool of nonzero entries of
α.

6 Here we have simplified the notation to refer to the sparse solutions αl,f to αj ,
knowing that the couple set (l, f) has cardinality d.



3. put together the votes in the set V =
⋃
j=1,...,d Vj and choose the final

identity according to the mode of V ,

4. in case of multiple winners, apply the canonical least square criterion be-
tween the probe features of the winners and the linear combination of their
dictionary atoms, to achieve a ranking among them.

3 Experiments on LFW

In this section, we evaluate the effectiveness of our method on the LFW funneled
database [7] that contains more then 13000 images of 5749 different individuals
acquired in unconstrained environments and already centered. The variances in
pose, illumination, expression, and the presence of partial occlusions make SSPP
problem extremely challenging. Tuning and analysis are performed on the subset
of the LFW dataset corresponding to the 158 individuals which includes no less
than 10 samples per subject (in the following LFW-158), while the evaluation
refers to several sub-galleries obtained from the LFW-158, plus two tests refer-
ring to the subset of 1680 subjects for which at least two images are present in
the dataset (in the following LFW-1680).

The first step of our method concerns with image augmentation, aiming at
generating augmented images of size 224 × 224, as required by the VGG-face
DCNN, for the entire LFW dataset. In this regards, we provide either the original
or flipped images, varying the zooming according to the values {1.5, 1.75, 2, 2.25},
and applying horizontal and vertical shifts, each within the set {−10, 0,+10}.
Thus, for each image I we attain d = 2× 4× 9 = 72 augmented images Ij and
consequently 72 features ϕj .

In order to perform the tuning and analysis, we split randomly the images
in the LFW-158 into three sets: gallery, validation and test sets, and we run 10
trials to assess the method. The gallery contains one image per subject, while
the remaining images are randomly split, putting 4 images per subject in the
validation set, and the remaining images in the test set.

Given that the feature set cardinality is d, and organizing the features k by k
in L dictionaries so that k = d/L, we are interested in investigating the system
behaviour varying the number of dictionaries L. In Fig. 2 we plot both the perfor-
mances and the computational costs obtained on the validation set, showing that
they both take advantage from the subdivision of features in sub-dictionaries,
arriving to a plateau around 12 dictionaries. The performance improvement hap-
pens because, the subdivision increment restricts the search domain for each fea-
ture ϕj helping in reducing false matching. Concerning the computational time,
it decreases when L is augmented, implying a reduction of the dictionary sizes,
making the k-LiMapS faster.

Furthermore, we access the method reliability by comparing the distribution
of the votes when dealing with error or hit cases. Specifically, for each validation
image, we refer to the collection of votes V produced by the classifier, and we
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Fig. 2. Accuracy (left) and computational costs (right) arranging the 72 features vary-
ing the number of dictionaries.

compute the difference between the number of votes obtained by the two most
frequently voted IDs. We then collect and arrange these differences separately
according to correctness/incorrectness of the classification. In Fig. 3 the two
empirical PDFs are depicted.
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Fig. 3. Distribution of the differences between the two most voted IDs, in case of
misclassification (left) or hit cases (right).

The distributions suggest that when the model classifies correctly, than the
vast majority of the atoms will vote for the correct ID, with typically large dif-
ferences with respect to the second most voted ID, thus denoting high confidence
in the choice. On the other hand, when a misclassification occurs, the distribu-
tion of the differences shows higher probabilities around smaller ones, suggesting
the presence of (at least) two close modes in the empirical distribution of the
votes. This analysis suggests that it would be worth exploiting the empirical
distribution just discussed for better discriminating misclassification.

Finally, to assess the method performances and to compare them with the
state-of-the-art in SSPP problem, we set d = 72, L = 12, and consequently k = 6,
and q = {50, 100, 158, 793, 1680}. The experiments with q ≤ 158 are attained
referring to the LFW-158, while the others referring to the LFW-1680. In Table



1 the average results over 10 trials are reported together with comparisons when
available, proving the effectiveness of our method.

Table 1. Face recognition rates (%) on several subsets of the LFW database identified
by the number of subjects (sbj) in the gallery. Our results report also the standard de-
viation. For comparison, the state-of-the-art on the LFW, referring to different gallery
cardinalities are reported.

Method 50 sbj 100 sbj 158 sbj 793 sbj 1680 sbj

Our 95.93± 0.02 94.20± 0.01 92.48± 0.01 87.63± 0.01 84.11± 0.01

Others 86 [18] 92.7 [5] 37.9 [9], 50 [14] 65.3 [18] -

4 Conclusions and future works

In this paper we proposed a method coupling the strength of deep features with
the effectiveness of our sparse representation classifier based on the k-LiMapS al-
gorithm. Concerning the evaluation, we have shown our approach outperforms
the state-of-the-art concerning the SSPP problem, and it is robust even on a large
gallery of 1680 individuals. These preliminary results encourage further investi-
gations, deepening several aspects arisen in the analysis. One concerns the role
of the augmented images: would a larger number of augmented images or virtual
images obtained from generative models (e.g. the GAN, generative adversarial
networks) improve further the performances? Also the feature organization in
dictionaries would deserve further analysis, investigating other partitions besides
the k by k adopted in this paper. Finally the possibility to introduce a crite-
rion for discriminating correct classification from false positives would deserve
an in-depth analysis. These questions are planned to be faced in our future work.
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