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Abstract—Face recognition algorithms are generally trained
for matching high resolution images and they perform well fo
similar resolution test data. However, the performance of sch
systems degrade when a low resolution face image captured um-
constrained settings such as videos from cameras in a surilaince
scenario are matched with high resolution gallery images. fie
primary challenge here is to extract discriminating features from
limited biometric content in low resolution images and matd it
to information rich high resolution face images. The problen of
cross-resolution face matching is further alleviated whenthere
is limited labeled positive data for training face recogniton
algorithms. In this paper, the problem of cross-resolutionface
matching is addressed where low resolution images are mated
with high resolution gallery. A co-transfer learning framework
is proposed which is a cross-pollination of transfer learmg
and co-training paradigms and is applied for cross-resolubn
face matching. The transfer learning component transfers tie
knowledge that is learnt while matching high resolution fa@
images during training for matching low resolution probe images
with high resolution gallery during testing. On the other hand,
co-training component facilitates this transfer of knowledge by

assigning pseudo labels to unlabeled probe instances in the

target domain. Amalgamation of these two paradigms in the
proposed ensemble framework enhances the performance of
cross-resolution face recognition. Experiments on multife face

databases show the efcacy of the proposed ensemble based

co-transfer learning algorithm as compared to other existing
algorithms and a commercial system. In addition, several fgh
prole real world cases have been used to demonstrate the
usefulness of the proposed approach in addressing the tough
challenges.

Index Terms—Face recognition, cross resolution, transfer
learning, co-training, co-transfer learning.

I. INTRODUCTION

It is generally believed that face recognition by computeLs
is a solved problem in many scenarios such as user centric %8

instances where surveillance videos have helped agencies i
apprehending individuals who have committed crime or iden-
tify individuals with the intent to commit crime. For exanapl

in 2005 subway bomb blasts in London [1], CCTV footage
helped law enforcement of cers in identifying the bombers.
In 2008 Mumbai terrorist attacks [2], surveillance cameras
installed at different locations (CST railway station, Pajlace,
and Trident hotels) helped the agencies to track the aetvit
of terrorists and later identify them. In th2010 car bomb
case at Times Square [3], the surveillance footage capamed
unidenti ed individual leaving the car with explosives. tea,
widespread distribution and manual investigation of trdewi
helped the investigating agencies to apprehend the indiid
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ig. 1. lllustrating the difference in matching (a) low rag@mn and high

Olution images, (b) two high resolution and low resolutimages.

plications including face tagging in Google Picasa, Fackbo
and screen/device unlocking in Android and Windows-based . )
two decades, unconstrained face recognition is yet to ienéerrorist attacks, however, they served as the primaryegwie
from these advances to be useful in real world applicatiori8.!eading the investigation and also recognizing the ietliv
One such example is face recognition in low resolution sisrve@!s at the end. It is therefore desirable to build a systenrevhe
lance images. With advancements in technology, surveilarsurveillance cameras coupled with a face recognition dfgar
cameras now have a profound presence and are widely use83R be used to automatically identify individuals from a
security and law enforcement applications. There are abvepatch-list. Along with the challenges of pose, expression,
illumination [4], aging [5], disguise [6], [7], and plastaurgery
H.S. Bhatt, R. Singh,and M. Vatsa are with the Indraprasthstitite [8], [9] in face recognition, matching a watch-list photagh
of Information Technology (IlIT) Delhi, India, e-mail himanshub, rsingh, 5 gn image obtained from surveillance camera also requires
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the capability of matching across resolution. For example,
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learned in the source domain for ef ciently matching low
resolution probes with high resolution gallery in the tdrge
domain.

co-trainingis used to enable transfer learning with unla-
beled probe instances from the target domain by assigning
pseudo-labels to probes.

In face recognition literature, to the best of our knowledge
this is the rst work that leverages unlabeled probe inséemto
facilitate knowledge transfer in an ensemble based alguorit
The performance of the proposed framework is evaluated in a
cross-resolution face recognition application and the fana-
tive experiments are performed on four face databases,lpame
the CMU Multi-PIE [21], SCface [22], ChokePoint [23], and
MBGC v2 video challenge [24] databases. The results are also
Fig. 2. II‘Iustrates the c_hallenge in match_ing low resolutimages Wh_en presented on some real world Samp'es (Survei”ance images)
coupled with other covariates. Low resolution challengg alane, (b) with . . .
pose, (c) with illumination, and (d) with expression. and recognition is performed using the proposed co-transfe

learning algorithm against a large gallery database of 6534
subjects. Finally, the results on still-frontal matchinmtienge
of Point and Shoot Challenge (PaSC) database [25] are also
Wsented. The results show that the proposed algorithm out
Rrforms existing algorithms including FaceVACS which is a
ommercial face recognition system.

whereas the surveillance camera images are generally |
resolution images. As shown in Fig. 1, even if both the imag
are frontal, the information content in both the images dou
be signi cantly different. The presence of pose, illumioat
and expression along with different resolution could farth
exacerbate the problem, as shown in Fig. 2. Il. LITERATURE REVIEW

The conditions in which a face recognition algorithm is The literature review is divided into three parts: (1) cross
trained are referred to as tiseurce domairwhere the avail- resolution face recognition, (2) co-training, and (3) &f&n
ability of large training data helps the algorithm to ef oy |earning.
learn the task. In the source domain, face recognition algo-
rithms are trained to match high resolution images. However
for surveillance applications, the probe data i.e., taget A. Review of Cross-resolution Face Recognition Literature
domain comprises low resolution face images and the galleryIn literature, several approaches have been proposed to
contains high resolution face images. Gallery represants imatch cross-resolution face images. As shown in Table |,
ages in the database and probe represents the query imagese algorithms can be classi ed into two categor@ser-
Source domain refers to scenario where both gallery andeprabsolution and transformationbased approaches. Fig. 3 il-
images are high resolution images while target domain repigstrates the broad categorization and the steps involned i
sents scenario where gallery is always of higher resoldtian  cross-resolution face recognition approaches. Supeferigsn
the probe image. Under these variations, the performancebafsed approaches for cross-resolution matching enhaece th
a biometric system degrades because it is unable to eflgienfow quality probe image before recognition. On the other
utilize the knowledge learned in the source domain and thefgnd, transformation based approaches extract featuats th
is a scarcity of labeled low resolution data that can be usggk resilient to resolution changes and match cross-résolu
for training the algorithms. Obtaining suf cient labelsrfthe face images. Some of the transformation based approaches
target data is time consuming, requires human effort, angl velso perform resolution invariant transformations eitinethe
expensive. However, there is an abundancerdlbeledlow image space or the feature space for matching.
resolution data in target domain during testing. Super-resolution based approacheaduang and He [10]

In our preliminary work [18], we made this observatiorproposed to build a coherent subspace between the PCA
and formulated the problem of cross-resolution face mathifeatures of high resolution (HR) and low resolution (LR)
where suf cient labeled data is available in source domajmages mapped using the radial basis functions for reciognit
and only a few labeled instances are available from thaker and Kanade [26] proposed an algorithm apriori
target domain. This research extends the prior work [18] anghrn the spatial distribution of image gradients to enkanc
proposes a generalized-transfer learning CTL) framework  the resolution of local features before matching. Chakigba
which is a cross-pollination of transfer learning [19] ara ¢ et al. [27] proposed a learning based method to super-resolve
training [20]. The framework integrates transfer learnargl face images with kernel principal component analysis-thase
co-training in a non-separable manner to ef ciently tr&msf prior model. Changet al. [28], [29] formed geometrically
the knowledge from the source domain to the target domajiinilar manifolds using local facial patches in the low and
with sequentially available unlabeled instances from #igdt high resolution images. They used training images to eséima
domain: the high-resolution embedding and construct a smooth super

transfer learningis used to leverage the knowledgeesolved image. Yangt al. [30] proposed a super resolution
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TABLE |
EXISTING ALGORITHMS FOR CROSSRESOLUTION FACE IMAGE MATCHING,
Approach Technique Databases Gallery/probe resolution
Coherent features [10] FERET, UMIST, ORL 72 72712 12
. Multi-modal tensor face [11] AR, YALE, FERET 56 36714 9
Super-resolution —epo o7 Mult-PIE, FERET, FRGC V.2 24 2476 6
Relationship Tearning [13] FRGC v.2 64 48728 24
LFD [14] FERET 88 80 /33 30
Transformation Coupled Tocality preserving mapping (CLPM) [13] FERET 72 72712 12
Synthesis based LR face recognition[16] CMU-PIE, FRGC v.2 48 40719 16
MDS [17] Multi-PIE 48 40712 10
Super-resolution using
multiple LR images
Feature
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Fig. 3. Broad view of cross-resolution face matching apgiea. (a) Super resolution and (b) transformation baserbagipes.

approach by representing local patches as a sparse lingar cthe features from high resolution gallery and low resohitio
bination of elements from high resolution images. In additi probe images. The Euclidean distance between the trans-
to these local models, Liet al. [31] integrated a holistic formed feature vectors approximates the distance computed
parametric and a local nonparametric model using two-stefnen the probe images were captured at similar resolution
statistical modeling for face hallucination. It was obsgtthat as that of the gallery images. Researchers have also studied
super-resolution approaches, due to environmental i@m&t that the phase and magnitude in frequency domain can be
and distortions, failed to signi cantly improve the recdgpn used as a resolution invariant representation for ef dient
performance. It is our assertion that the primary objectife matching cross-resolution face images. &eal.[14] proposed
super-resolution is to obtain a good visual reconstrudiiom a local frequency descriptor based on the magnitude and
low resolution face(s), and these algorithms are generalty phase information to match cross-resolution face images in
intended for recognition. However, there are some appemclhe frequency domain. Shekhat al. [16] proposed a gen-
that simultaneously optimize both super resolution ana faerative approach using the information from high resolutio
recognition. Jia and Gong [11] combined super-resolutigrallery to match low resolution probe images with illumioat
and face recognition by computing a maximum likelihoodariations. Leiet al. [33] proposed a coupled discriminant
identity parameter vector in high-resolution tensor spface analysis for heterogeneous face recognition (matching hig
recognition. Further, Hennings-Yeomaeisal. [12] proposed vs. low resolution images). To maintain the discriminative
an approach where facial features were included in a suppower and generalizability of their approach, they utiize
resolution method as the prior information for simultareoumultiple samples from different resolutions along withdbty
reconstruction of super-resolved images. Recently, Zadi aimformation in the kernel space.
Yuen [13] proposed a super-resolution technique baseden th
relationship between the high-resolution image space hed t . o )
very low resolution image space. Their technique improvedt Review of Co-training Literature
face recognition performance for the very low resolution In co-training, as proposed by Blum and Mitchell [20], two
problem. classi ers that are trained on separate views (featuregjain
Transformation based approachddnlike super-resolution, each other based on their con dence in predicting the labels
another method to match cross-resolution images is to dowsenetheless, success of a co-training framework is subbept
sample high resolution images to the level of low resoluticie various assumptions. Blum and Mitchell [20] have shown
images before matching. However, information useful faefa that two classi ers should have sufcient individual accu-
recognition such as texture, edges, and other high frequemacy and should be conditionally independent of each other.
information is compromised while downsampling the imagekater, Abney [46] has shown the weak dependence between
To address this problem, ket al.[15] proposed to project both the two classi ers can also guarantee successful co-trgini
high resolution and low resolution images to a feature spadééang and Zhou [47] reported the sufcient and necessary
using coupled mappings. Biswas al. [32] proposed a mul- condition for success of a co-training framework. Co-tirain
tidimensional scaling approach to simultaneously tramsfo has been used in several computer vision applications with
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TABLE Il
SOME REPRESENTATIVE APPROACHES RELATED TO THE PROPOSED ALEOHM.

Authors Technique Application
Zhu et al. [34] Heterogeneous transfer learning using matrix factoonati Classifying image and text data
Quattaniet al. [35] Sparse prototype image representation Recognizing visual categories
Ahmedet al. [36] Hierarchical feed-forward model Recognizing visual categories
Genget al. [37] Domain adaptation metric learning Face recognition & web image annotation
Wanget al. [38] Dyadic knowledge transfer using a non-negative matrixatrtorization Computer vision applications
Siyu et al. [39] Subspace transfer learning for kinship veri cation Kinship veri cation using faces
Chenet al. [40] Transferring informative knowledge for learning expressmodels Learning person-speci ¢ facial expression model
Bhatt et al. [41 Online co-training in SVMs using two independent featurpresentations Face Veri cation
Caoet al. [42] Transfer learning via generative Bayesian model with KLedjence Face Veri cation
Ng et al. [43] Co-Transfer Learning using a joint transition probabilgyaph based on co; Classifying image and text data

occurrence of the data
Zhao and Hoi [44] | Ensemble based transfer learning with incremental labéétd Text classi cation
Guo and Wang [45]] Domain adaptive input-output kernel learning Recognizing visual categories
Proposed Co-transfer Iearnin'g: Ensemble base_d_transfer leanimguscremental unla-| Face recognition

beled target domain data with co-training

very limited exposure in biometrics. However, in biometricmodel. Their main idea was to minimize the KL divergence
literature, unlabeled data has been used primarily for tipgla between the source and target domain distributions to ehan
the templates [48], [49], [50]. Podt al.[51] performed a study the sharing of information. Ngt al. [43] proposed a co-
on the goal of semi-supervised learning where they focusedtoansfer learning algorithm using a graph based method to
some of the challenges and research directions for degjgniimk different feature set using a joint transition proldapi
adaptive biometric systems. Classi er update using civimg  graph. Their approach is a supervised approach that transfe
is explored by Bhatet al. [41] where the biometric classi ers knowledge across different domains based on the af nities
are updated using labeled as well as unlabeled instances. computed using co-occurrence information. Bhetttal. [41]
proposed a semi-supervised online co-training approach to
C. Review of Transfer Learning Literature update the classi er's decision boundary using labeled e w

Transfer learning has been explored in many comput%? unlabeled infqrmation for face yeri cation. Zhabtal.[44]
vision applications. Zhet al. [34] proposed a heterogeneou roposed an online transfer learning (OTL) framework where

transfer learning framework that utilized annotated insag nowledge is transferred from source domain to target domai

from the web as a bridge to transfer knowledge between t&?ss' er within an ensemble in a supervised manner using

and images using a matrix factorization approach. Qua&bni|n_<|:_1_e:cnental Ialk(Jeerd mat]anges_ fro;nththe target (;j%n']raLm.l The
al. [35] proposed a method for learning a sparse prototyf)_) ramework lorms the basis ot the proposed algo-
thm. Compared to co-training and transfer learning redea

image representation for transfer across visual categorie. . ) -~ .
Their approach used a large set of unlabeled data and a ke Eﬁc‘tpns, th? proposed CTL glgonthm Is different in tease
that it is an incremental semi-supervised approach that use

function to form a representation. Ahmetlal. [36] proposed tew labeled and | labeled data 1o ¢ tor k led
a hierarchical feed-forward model for visual recogniticaing ew labeled and 'arge uniabeled data to transter knowiedge
\Mthm an ensemble. Co-training is used to transform uribe

transfer learning from pseudo tasks which include a set ol data f the t td i int 4o labeled
pattern matching operations constructed from the datagGéncremen a data from the target domain into pseudo ‘abele
et al. [37] proposed a domain adaptation metric learning ta .to facilitate tr-apsfer Iegr_nlng. In this researchnsfer
introducing a data dependent regularization to conveatio arning anq co-training are Jom.tly u;ed to transfer thew
edge learnt in the source domain (with labeled samples)eto th

metric learning in the reproducing kernel Hilbert spaceisTh td . ith unlabeled | h 1 Fig. 4
minimized the empirical maximum mean discrepancy betwegi"[ge omain (with unlabeled samples), as shown in Fig. 4.

different domains. Wangt al. [38] proposed dyadic knowl-

edge transfer which is a non-negative matrix tri-factditra Il. CO-TRANSFER LEARNING FRAMEWORK

based approach to transfer cross-domain image knowledge fowe, humans, have innate abilities of transferring knowéedg
the new computer vision tasks. In face recognition or relatéetween related tasks. It is observed that if the new task is
domains, transfer learning has been applied to verify kmshclosely related to the previous learning, humans can quickl
using face images through subspace transfer learning [3®&nsfer this knowledge to perform the new task. However,
Chenet al.[40] also proposed to learn a person-speci ¢ faciajiven some prior knowledge in a related task, traditional
expression model by transferring the informative knowkedalgorithms are unable to adapt to a new task and have to
from other people. Their approach allows to learn an aceurdtarn the new task from the beginning. Generally, they do not
person-speci ¢ model for a new subject with only a smaltonsider that the two tasks may be related and the knowledge
amount of person speci c data. Most of the transfer learnirgpined in one may be used to learn the new task ef ciently in
techniques work in of ine manner and assume that the datsser time.Transfer learningattempts to mimic this human
from the target domain is available upfront. Table Il alstdi behavior by transferring the knowledge learned in one or
some of the closely related approaches to the proposed owmre source tasks and use it for learning the related target
transfer learning algorithm. Caat al. [42] proposed a transfer task. Several approaches have been proposed for transfer
learning approach for face veri cation using a simple Bages learning and they can be categorized as 1) inductive, 2)
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transductive, and 3) unsupervised transfer learning. dase trained using an initial training set and a decision hypsnpl

the domain representation, transfer learning approaches ¢ obtained. This hyperplane is then updated using the new

be further categorized into homogeneous and heterogeneavsilable instances and the previous support vectors. 6oe m

transfer learning. The source and target domains share satatails on updating SVM classi ers with new incrementalajat

feature space in the former whereas feature space is differeeaders are directed to [41], [58], [59].

in the later one. For a more detailed discussion on different _ " i

transfer learning approaches, readers are directed to [19]  1ransfer Leaming: In face recognition, the classi ers such
Generally, labeled data in target domain is scarce afid VM, are learmned using training data (from the source

obtaining labels for the target data is time consuming af{fmain) while the performance is evaluated on a separate
expensive in most real world scenarios; therefore, it icdif ~Unseen test data (the target domain) which may have differen
to learn a model for the target data. On the other hand, lafgoPerties and follow a different distribution compared to
amount of unlabeled data, available in the form of probe, cii¢ training data. Consider a scenario where there are two
be leveraged to learn the model. There are some existing sefiftSS! €rs, one trained using the source and another taine
supervised approaches for face recognition [52], [53]],[54'SINY the target domain data. During training, there is gdar

[55] that utilize few labeled and ample amount of unlabeld@P€led data in the source domain i.e., for matching HR probe
data for enhancing face recognition performance. Many Wfth HR galleryimages (source domain) but only a few labeled

these semi-supervised approaches are used for templaeupfiStances are available in the target domain, i.e., for magc

such as semi-supervised PCA [49], [56] or LDA [57]. ThertR prpbes Wit.h HR gallery images. Inl such a case, the source
are few approaches [41], [52] that update/retrain the modmain classi er alone may not ef ciently classify the test
with few labeled and large unlabeled data. Mostly, existin'BStanceS because of the variations in data distribution of
semi-supervised algorithms require entire unlabeled dpta SOU'ce and target domains. Since the classi er in targetaiom
front and do not perform well for single sample per subjectS rained using only a few labeled samples, it is not able to
The proposed co-transfer learning algorithm builds on t&d ciently classify the test instances. It has to learn/atedits
limitations of existing approaches to address the chadlefg decision boundary with the incremental data available & th
single sample per subject and performs transfer learning {fif9€t domain. Both the classi ers are individually inscint
online manner with sequential unlabeled data availablenfrd® classify the test data from the target domain. Therefore,
the target domain. Transfer learning and co-training dreljp (e Proposed algorithm, an ensemble is built as a weighted
used taransferthe knowledge learned in the source domain fg°Mbination of the source and target domain classiers. It

the target domain with unlabeled instances, as shown indrig € ciently classi es test instances and subsequently sfers

Co-training to update the classi ers has been explored bthhthe knowledge from the source domain to the target domain as

et al.[41] where biometric classi ers are updated using labeled’d when the data from the target domain is available. Fey thi

as well as unlabeled instances. However, to the best of ¢} tWo classi ers trained on the source and target domais a
knowledge, it is the rst algorithm that uses transfer léagn combined to ef ciently classify the unlabeled probe instas.

for face recognition as a semi-supervised approach using fe
labeled and a large nhumber of unlabeled probe instances.

View 1 View 2

(| Training data in Training data in Training data in Training data in

w source domain (D3) target domain (D]) source domain (Df) target domain (D])
Transfer learning € i i '
B v v v v
< Classifier €5 Classifier C] }< Classifier C3 Classifier C}  <—
labeled 2
Source Knowledge Un :0:: Target ° : wi w{: I w3 wi! :
Domain | —> | learnt from . P <«<—— | domain £ ¥ L AJ A2 |
(sD) sD instances (TD) Ensemllﬂe E, [ EnsembleE, | |
from TD - v i
I I
— Unlabeled data from- target domain D, | e
Co-training - ! [
i ! I s
v v -
. . A . - Pseudo label ided by E. Pseudo labell ided by E.
Fig. 4. lllustrating the cross-pollination of transfer fieing and co-training L_owon S | EEE M :
for transferring knowledge from source domain to target diom b -

The proposed framework is a generalized framework thag: 5 Bloqk diagram illustrating the steps involved in theposed co-
. . . L . transfer learning framework.

can be applied to any classi er which allows re-traininghwit
incremental data. In this research, we have applied theeqinc
of co-transfer learning to support vector machine (SVM): Re As shown in Fig. 5, the source domain classi el@jso
training the SVM classi er in batch mode is computationallyare trained using sufcient HR labeled training data de-
expensive [58] and may not be feasible in real-wold appliroted by DS = f(u§;z1); (uS;22); 55 (uS;zn)g. Every ith
cations. Some approaches have been proposed that allowimstance,u; has two viewsf x;. 1; X;: 2g for the training label
training the SVM classi er using only the previous support; 2 f 1;+1g; herex; 1 andx; » represent the input vectors
vectors and new incremental data points. A method to add astained from two separate views (featurds).1g refers to
remove one sample at a time to update SVM is proposedthre impostor class where the query and probe images belong to
[59] where a solution foN 1 samples can be obtaineddifferent subjects anéi+1 g refers to the genuine class where
using theN old samples and the sample which is to b#he gallery and probe images belong to the same subject. The
added or removed. In the proposed approach, SVM is rétvo views are utilized for co-training (explained later)her
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target domain classi ersC(jT) are initially trained on a few la- (classiers), E; and E, trained on separate views (features)
beled training instances from the target domain repredeage where each ensemble function has sufcient (better than
D[ =f(ul;z1);(ul;22);::5 (Ul ; Zm)g. Here,n andm are the random) accuracy. If the rst ensemble con dently predicts
number of training instances in the source and target d@nagenuine label for an instance while the second ensemble pre-
respectively, such that > m andj = 1; 2 represents the view dicts impostor label with low con dence, then this partiaul
(feature). Let a set af unlabeled probe instances in the targenstance (with pseudo label provided by the rst ensemtde) i
domain be represented @B:f(uol); (uog); n (uOrT)g. An utilized for updating the second ensemble and vice-versa. |
ensemble prediction function, denotedss is constructed for this research, the con dence of prediction for an instance o
each viewE; is a weighted combination of the source domaithe j " view!, denoted by i, is measured as the distance of
classier, C3, and the target domain classi eCjT, with  that instance from the decision boundary which is computed

W|SJ andwﬂj representing the weights of the source domais shown in Eq. 5.
classi er and target domain classi er for thd" instance of - R, )
thej ™ view respectively. For thé" unlabeled probe instance jivj’

in thej™ view, the ensemble functioB; predicts the label,
Ej(xij ) ! Vij . For thei!" instance in the target domair,
class label is predicted by the ensemble as given in Eg.

where, R is the un-normalized output from the SVM, is
1 the weight vector for the support vectors angl= v'v. For
‘con dently predicting an instance to belong to genuine €las
1 the distance from the decision hyperplane should be greater
yij = Sig”(Wi:Sj ( cjs(uoi))+ Wﬁ ( ch(uOi)) 5) (1) than the genuine thresholdPde,). Similarly, an instance is
con dently predicted as impostor if the distance from the
where is a normalization function such thaf x) = hyperplane is greater than the impostor threshBjgy(). Here
max (0; min (1; %51.)). Initially, both the weights are set @5 P, refers to genuine threshold when comparing for genuine
so that each classi er contributes equally within an endemlx|ass andPjm, to impostor threshold when comparing for
and gradually, they are automatically adjusted to empbasifgpostor class. Since SVM is used for classi cation, a gesui
the contribution from the updated target domain classiiers threshold is computed as the distance of the farthest stippor
an ensemble. As proposed by Zhao and Hoi [44], the twector of genuine class. Similarly, an impostor threshold
weights are updated dynamically as shown in Egs. 2 and 3s computed as the distance of the farthest support vector
of impostor class. Varying the thresholds will change the

WS = Wﬁ hi (C®) ) number of instances on which the co-training is performed.
TwE hi(CS)+ w hi(C) High threshold value implies conservative co-training lehi
wl hi(CT) smaller value of the threshold leads to aggressive coHiigin
T i = == bt . (3) In this manner, unlabeled probe instances are transformed
' Wi hi(C®) + Wisj hi(CT) into pseudo-labeled training instances which are then tsed

update the ensembles. In an ensemble, knowledge is trans-
ferred by updating the decision boundary of the target domai
classi er C]-T using only the new incremental data as proposed
in [41].

wherew?,; ; andw/,, ; are the updated weights ar is
de ned as:

hi(C)=expf 1 (( Gi); ("yi)g; (4)

- 0:5, I(_y;9) =y 9)2. is the square loss func_:nory, Co-transfer: In the proposed framework, transfer learning
IS the_p_red|cted Igbel andl is the pseudo label provided byand co-training work concurrently to improve the target do-
co-training (explained later). main task with pseudo labels provided by co-training thatile
to transfer of knowledge from the source to the target domain

Co-training: As mentioned previously, unlabeled prob&vithin each ensemble, the target domain classi er updates
instances are available in abundance and can be utilizedittodecision boundary [41] with every pseudo-labeled insta
update/learn the classiers in the target domain. Howevesbtained during testing. Moreover, the weights correspund
it is required to obtain the labeled target data. Obtainirtg the source and target domain classi ers are also adjusted
labeled training instances from the target domain is diftcu dynamically using Egs. 2 and 3. This scheme avoids the
expensive, and requires human effort. In biometrics, tlaeee need to learn the target domain classi ers from the begignin
situations when only a small set of labeled data is availabdéd hence, makes the system scalable and computationally
for training while a huge amount of unlabeled data is readf cient. Note that in the co-transfer learning framework,
ily available as probe. This situation is similar to a seminly target domain classi ers are updated with pseudolabe
supervised learning scenario, where co-training [20]] s instances. The source domain classiers do not need any
proven bene cial as it can be used to transform unlabelegdate because they are well trained using large amount of
probe instances into pseudo-labeled training instancethd labeled data available upfront in the source domain. The
proposed co-training approach, a small initial labelediset proposedco-transfer learningframework is summarized in
available from the target domain for training the classs erAlgorithm 1.
and a large number of unlabeled instances are available as
probe. It assumes the availability of two ensemble funation View and features are used interchangeably in the paper.
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Algorithm 1 Co-transfer learning

Input: Initial labeled training dat® > in the source domain,
a few labeled instanceB| from the target domain. Un-

Therefore, we have

labeled probe instancdd|, from target domain (available I (WS (C3+w (Ch); ("y) = (8)
sequentially). i=1
Iterate: j= 1to 2 (number of views) 1
Process:Train classi ersC® andC/" onj™ view of D? W ( CP)+ wl (C); ('i)? M ©)
and D[ respectively to construct ensemig. Compute i=1
con dence threshold®; for each view. Combining Egs. 6 and 8, we have
for i = 1 to r (number of probe instancedp 1 nx X o
Predict labelsE; (x;j ) ! vi; ; calculate j: con dence M  min CS: CT +2In(2) (10)
of prediction 4

if 1>P1& ><P5, then
UpdateCJ] with pseudo-labeled instande; 2; Y 1)g
& recomputews andwj .

end if.

if 1<P1& >>P5, then
UpdateC{ with pseudo-labeled instande; 1; Y 2)g

S P S P T
here C= = iz 1 (CC?); ("yi)) and C' =
::1 I (( C"); (“wi)). For two ensembles, when the nal
decision classi cation decision is based on their combort
the error bound#/! for the co-transfer learning algorithm are
given as:

f;_rfecomputewf andw] . min(Meg1;Mg2) M max(Mgi;Mgo)  (11)

end if.

end for. The primary objective of selecting two ensembles is to fa-
end iterate. cilitate co-transfer learning as one ensemble providesdise
Output: Updated classi erC], CJ and weightsw$, w] labeled training instances to the other. Therefore, thererr
ws andwl . bounds of the proposed algorithm will lie between the error

bounds of the two participating ensembles as shown in Eq. 11.
Note that these error bounds are derived under the assumptio

L _ . that the pseudo labels provided by co-training are correct.
Generally, co-training is performed with two views to co-

train the participating classi ers by providing pseudo dédd
instances and appending the training set for classi eriséch
on each view. However, this can be generalized to multiple
views where the nal pseudo label is assigned based on thdn an operational scenario, training is performed in a
majority vote, similar to [60]. Likewise, the proposed cocontrolled environment; whereas during testing, a bioimetr
transfer learning algorithm can be generalized to acconateodSystem encounters data from uncontrolled environment. Co-
multiple views that may be extracted from other featurd&ining is particularly useful for recognizing crosseksion
such as processing different channels in a color image f8§€ images. Fig. 6 shows the block diagram of the proposed
separate views or adding more resolution invariant featuréd-transfer learning framework for matching cross-retotu

as separate views. However, incorporating more views mife images. First, the source and target domain classi ers
increase computational requirements. are trained on two views (features) and two ensemble func-

tions (E1 and E,) are built. One view is the local phase

. antization (LP@) [61] and the second view is the scale
Error bounds: To analyze the effectiveness of the propose-[ﬁ:/ariant feature transform (SIFT)[62]. LPQ operates on
co-transfer learning algorithm, we compute the error bgun

. . he Fourier phase computed locally for a window in every
) — 2
Using the square loss functidn(y; ) = (y 9)° and the image position and utilizes local phase information exadc

exponential Weighting update function, bounds of an enmmlElsing a short-term Fourier transform. In our experimers)e

are given as. parameters as proposed by Ahonen et al. [61] are used. SIFT
[62] is a scale and rotation invariant descriptor that gatesr

a compact representation of an image based on the magnitude,
orientation, and spatial vicinity of image gradients. Iristh
research, SIFT descriptor is computed in a dense manner on
pre-de ned interest points. Both these views are resilient
scale changes and can be effectively used for matching face
images with different resolutions. The two features previd
wherel is the number of instanceg, is the predicted label for diverse information, one encodes the discriminative phase

thei™ instance, ang is the pseudo label for thd" instance information whereas the other encodes information from the
provided by co-training. The above equation is derived by

B . . . 2 H .
fOllOWIhg the proof in [44]_ Using this, the error bounds of Source code available at http://www.cse.oulu. /CMV/Ddoads-
. . /LPQMatlab
an ensemble are derived as follows: The error atithestep

¢ ) " 1 3Source code available ahttp ==labelme:csail:mit:edu
is represented apgv® ( CS) + w ( CT) ("™Yi)j 5. =Release3:0=browserT ools=php=matiab { oolbox:php

IV. CO-TRANSFERLEARNING FORCROSSRESOLUTION
FACE RECOGNITION

L w? (CP)+w (CT); (W)
i=1

X X
+minf 1 ((( C5); ("yi)); (S (yiNg (@)

i=1 i=1

2In(2) (6)
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image gradients. LPQ and SIFT descriptors are normalizeldssi ers are also updated with each pseudo-labeled probe
to unit length. A second normalization step is performed bgstance, as shown in Eqgs. 2 and 3. Thus each ensemble
suppressing any component larger ttag down to 0:2 and updates the target domain classi er of the other ensemble.
re-normalizing the vector to unit length. Finally? distance is The nal decision is computed by combining responses from
used to compare two corresponding LPQ and SIFT descriptdosth the ensembles.

For normalizing face images, eye-coordinates are detected

using OpenCV's boosted cascade of Haar-like features. Face \; patasasE AND EXPERIMENTAL PROTOCOL

image is normalized with respect to the horizontal axis dwed t

inter-eye distance is xed ta00pixels for a216 216image.  '"€ performance of the proposed co-transfer learning
Low resolution images are also normalized in a similar manngamework is evaluated on four different databases, (1) CMU

where the inter-eye distance is normalized in proportiotneo MUlti-PIE [21], (2) SCface [22], (3) ChokePoint [23], and
image resolutioh (4) Multiple Biometric Grand Challenge (MBGC) v.2 video

challenge database [24]. Fig. 7 show sample images from
Initial training on labeled data from the source and target all four databases used in this research are shown in Fig. 7.
domains: The co-transfer learning framework assumes thdhe experiments are designed to resemble real world scenari
during training, each subject has high resolution galjgmyse where ample training data is available in source domain to
pairs and a few subjects have corresponding low resolutitbmin the classi ers for classifying the high resolutionligay-
images from the target domain. For a given gallery-probg pgdrobe pairs as genuine or impostor. However, only a few low
face images are tessellated ir#o 3 patches. LPQ and SIFT resolution probe and corresponding high resolution galler
descriptors are computed for each local patch and matchethges are available for training the classi ers in the &rg
using the 2 distance measure. Distance scores correspondoigmain. To emulate such conditions, Table Il lists the namb
to local patches are vectorized to an input vedtar;zig, of high resolution gallery-probe pairs that are used faning
wherez; 2 f 1;+1gis the associated labell+1g signies the classiers in source domain and the number of low reso-
that the gallery-probe pair belongs to the same individul ( lution probe and corresponding high resolution galleryges
genuine pair) whereak 1g signi es that the gallery-probe used for training classi ers in the target domain. The tiragn
pair belongs to images corresponding to different indimldu subjects in target domain are a subset of the training stshjec
(i.e. impostor pair). Input vectors obtained by matchingdPin source domain. Further, co-transfer learning and initia
descriptors of two high resolution images are utilized fdraining of source and target domain classi ers are perfmm
training the source domain SVM classi eCf) on view 1. on non-overlapping subjects. To evaluate the ef cacy of the
On the contrary, the target domain SVM classi ers for view proposed framework, a joint adapt-and-test [44] strategy i
are trained using one high resolution and one low resolutiosed which allows the data used for performance evaluation t
images. The source domain and target domain SVM classi dve concurrently used for model adaptation. Itis to be ndiatl t
are then combined to form an ensemt, Similarly, the the proposed framework is rst used to classify an unlabeled
SVM classi ers for view 2 (SIFT) are trained and the ensemblgrobe instance and based on the con dence of predictios, thi
functionE; is learned. instance may be used as a pseudo-labeled training instance f

updating/re-training the ensemble. Therefore, the clzsin

Co-transfer learning with unlabeled probes from the target s ajways performed on unseen instances which is the cabe wit
domain: Similar to the training phase, for matching a LRy ost of the real world applications.

probe with a HR gallery image, the images are tessellated int

non-overlapping local patches and LPQ and SIFT descriptors =] T g |
are computed for each local patch. LPQ descriptors from the t 2, j
i - . -9 |
(a)

corresponding local patches on the gallery and probe images

are matched using? dlstance_ and the d|star_10e scores from e ve e r" p—
these local patches are vectorized to form an input vector Lg\’| AN S ‘ ; A
view 1. Similarly, an input vector corresponding to SIFTefwi — ) - -
2) is computed using the? distance measure. Unlike training, Tt B g
the instances obtained during testing are unlabeled. Feyev m.
guery given to the biometric system, both the ensemliigs, =/ o

and E,, are used to classify the instance. If one ensemble 2 ?' P
con dently predicts genuine label for an instance while the ii i ﬁﬂg’ggﬁ [i
other ensemble predicts impostor label with low con dence, - "(;ﬂ B0 B

then this instance is added asabeledre-training sample for

the second ensemble and vice-versa. The target domain S¥) 7. sample images from the (a) CMU Multi-PIE, (b) SCface)
classiers CT) in the ensembles are updated with pseud@hokePoint, and (d) MBGC v.2 video challenge databases.

labeled probe instances obtained during testing. Further,

weights for both source domain and target domain SVM _ . .
CMU Multi-PIE [21] database comprises images fr@3i7

4For images on which the eye-detection failed because of &seluation, individuals captured 'n_ four. d'ﬁerent SESSIOn.S with vag/
normalization was performed manually. pose, expression, and illumination. For experiments, aetub
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Labeled Ensemble as Unlabeled E,&E,are ensemble

Feature  instances SVM . ; for LPQ & SIFT

( ’ o a weighted instances from e .
. — extraction  In source classifiers combination target domain Co tl’i‘clng respectively Transfe;lfarnmg
£ “I‘- domain -~ N ~
o L T
3. 4 | compare s cs Pseudo labels by N ==> CZ )
@ HR probe LPQ/SIFT DL 7 E, EZ Target domain
5 . Q/ 7 classifiers & the
3 \i'— , weights are

M ' - Dg updated using the
£ T 7 pseudo labeled
g HR gallery h==Nc========= instances provided
o Compares DT }_, CT by co-training
54 L Ji Pseudo labels by E, T
o W) wosm : — ]
2 Few labeled instances
= | LRprobe from target domain

(a) (b)

Fig. 6. Block diagram for the co-transfer learning framekvéor cross-resolution face matching. (a) lllustrates ttentng process of the source and target
domain classi ers to build the ensembles and (b) co-tranisfeéhe target domain with unlabeled probe instances.

TABLE Il
EXPERIMENTAL PROTOCOL ON DIFFERENT DATABASES FOR CROSBESOLUTION FACE MATCHING TRAINING SUBJECTS IN THE SOURCE DOMAIN
SPECIFIES THE TOTAL NUMBER OF SUBJECTS USED FOR TRAINING (AERENT ALGORITHMS.  FOR CHOKEPOINT DATABASE, TRAINING OF SOURCE
AND TARGET DOMAIN CLASSIFIERS IS PERFORMED USING THEMU MULTI-PIE [21] DATABASE. FOR EXPERIMENTS WITHCMU MULTI-PIE,IMAGES
ARE SYNTHETICALLY DOWN-SAMPLED TO THE DESIRED RESOLUTION USING LINEAR INTERPOLADN.

Database No. of subjects in Training _No. of subjects in _ Resolu_tion range | Covariates _

Source domain [ Target domain | Testing/Co-transfer learning (pixels) (apart from low resolution)
Multi-PIE [21] 100 40 237 216 216 - 16 16 | lllumination
SCface [22] 50 20 80 72 72 -24 24 Camera distance, pose, & illuminatio|
ChokePoint [23] 50 20 29 216 216 - 16 16 | Pose, illumination & expression
MBGC v.2 [24] 60 30 87 216 216 - 16 16 | Pose, illumination, walking & talking

pertaining to337 individuals with frontal pose and neutralvideos where the user is walking or performing some activity
expression are selected; however, the gallery and probgeisnaFaces present in these videos have variations due to pose,
vary in illumination conditions. For each subject, one highlumination, and expression. The faces extracted froneeid
resolution image is kept in the gallery and one low resotutidrames are partitioned into the gallery and probe data bete(
image is used as probe. we ensure that gallery and probe images are from different
SCfacedatabase is a real-world surveillance database cosessions i.e. from different videos of the person). Gallery
prising images ofl30individuals captured in uncontrolled in-consists of single image per user and probe set comprises ve
door environment using multiple surveillance cameraseulacimages from different sessions.
at different distances. For each subject, one high resoiuti The application of matching cross-resolution face images
image is kept in gallery and ve images captured fronis more applicable in an identi cation (1: N matching) sce-
different cameras are used as probe. SCface databasensontairio. Following the common protocol in literature [14]6]1
low resolution images ranging frod8 48to 24 24 pixels [17] the performance of the proposed framework is reported
and experiments are performed without interpolating these a closed set identi cation scenario. Further, to emulate
images. Therefore in the experimental protocol of the S€fathe conditions that the gallery is generally captured under
database, gallery and probe images vary fit8n72to 24 24 controlled conditions, the experiments are performed with
pixels. settings such that the resolution of gallery images is adway
ChokePoint database is a video database captured umigher than the probe images. Experiments are performéd wit
der real-world surveillance conditions. Three camerasqua single image per subject in the gallery. The performance is
above the portals are used to capture individuals walkimgported in identi cation mode witliOtimes repeated random
through the portal. Images are captured with surveillamee-c sub-sampling (cross-validations) for non-overlappirgning-
eras in unconstrained environment and include illumimatiotesting partitions. Experiments are performed at differes-
expression, and pose variations. The database consi®8 oblutions of gallery and probe images ranging from 2286
unique subjects and the videos are captured in two portaigels to 16 16 pixels. Face images in the databases are
with a time gap of about one month. Since there are @8ly available at different resolutions and are interpolatedhi®
subjects in the database, training of both source and targefrest resolution in the experimental protocol usingutiic
domain classiers is performed using the CMU Multi-PlEinterpolation.
database. For each subject in the ChokePoint database, one
high resolution image is used as gallery and ve images are ~ VI. EXPERIMENTAL RESULTS AND ANALYSIS
used as probe. For cross resolution face matching, the performance ofalgo
MBGCVv.2 video challenge database used in the experimenthms degrade mainly due to the 1) difference in informatio
contains multiple videos in standard de nitiorrAZ0 480 content between the high resolution gallery and low regmiut
pixels) and high de nition {440 1080 pixels) format cor- probes and 2) limited biometric information in face images
responding tol47 subjects are used. The database includaslow resolution. The proposed algorithm attempts to agkire
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TABLE IV
these issues by using the knowledge learned for matching hig  Nyweser oF INSTANCES ON WHICH COTRANSFER LEARNING IS

resolution images from the source domain to ef ciently niatc PERFORMED AND HOW THE WEIGHTS WITHIN AN ENSEMBLE SHIFT TO
low resolution images from the target domain. The objectiveFMPHASIZE THE CONTRIBUTION OF THE TARGET DOMAIN CLASSIFIER

of these experiments is to determine the effectivenessef th # pseudo Tabels| Weights after co-transfer
proposed algorithm in transferring knowledge from the seur| Database C] I [wo [w] [ wy [ wg

domain to target domain for cross resolution face matchingEMU Multi-PIE [21] | 5184 | 4210 | 0.18] 0.82| 0.23 | 0.77
For this, we compare the performance of the proposed alg!%ﬁ;";‘(‘;?:gft] = 23’5‘;6 Zi%g 8'% 8'23 8'22 8'22
rithm with different algorithms: (1) SIFT with SVM classire mBac vz 124] 8136 6874 T 022 078 [ 0241 076

and LPQ with SVM classi er, referred to as SIFT and LP
in the results, (2) sum-rule score level fusion [63] of two
ensembles trained on the initial labeled data from the sourc
and target domains (referred to as “fusion’), (3) Multidime
sional Scaling algorithm (MDS) proposed by Bisvedsl.[17]

for matching low resolution face images, (4) a widely used
commercial-off-the-shelf (COTS) face recognition algjom,
FaceVACS, referred to as COTS, (5) three super-resolution
techniques, namely super-resolution-1 (SR-1, a standard b
cubic interpolation), super-resolution-2 (SR-2 regression
based technique proposed by Kim and Kwon [64]), and super-
resolution-3 (SR-8 a sparse representation based approach
proposed by Yanget al. [30]), and (6) match score fusion
of the proposed algorithm with MDS [17] and COTS using
sum-rule [63].

A. Analysis

The results suggest that the proposed approach ef ciently
matches cross-resolution face images by leveraging knigele
learned in the source domain. It also validates our assertio
that co-training enables updating the decision boundary of
target domain classi ers with unlabeled probe instancesnak
when they arrive.

Cross-pollination of transfer learning and co-training
seamlessly transfers the knowledge learned in the source
domain for matching cross-resolution face images. Co-
training and transfer learning go hand-in-hand as co-
training provides pseudo labels for unlabeled test in-
stances which in-turn are used to update the target domain
classi ers within each ensemble.

Updating the weights of the source and target domain
classi ers allows to dynamically adjust the contribution
from the constituent source and target domain classi ers
in an ensemble. Initially, equal weights are assigned to
both the classi ers; however with knowledge transfer,

weights of classi ers in the target domain become motg, s

B-

saturate. Co-transfer learning can converge when the
weight saturation occurs i.e., the weights of source do-
main classi ers become zero, and the emphasis is shifted
towards the target domain classi ers. Weight transfer can
saturate if and only if (i) the two views are independent
(property of co-training); (ii) co-training algorithm s
correct pseudo labels (property of transfer learning); and
(i) large number of samples are available for training.
Since, it is challenging to ful ll all three conditions in

a real world face recognition scenario, the proposed co-
transfer learning algorithm follows the concept of lifetpn
learning [65] where the classi ers continue to learn and
adapt.

The behavior of the proposed algorithm is further an-
alyzed and Fig. 8(a) illustrates sample cases where the
proposed co-transfer learning algorithm correctly rec-
ognizes the low resolution probe images. Examples in
Fig. 8(b) illustrate cases where the proposed algorithm
performs poorly. The poor performance can be attributed
to the fact that some of the pseudo labels assigned to
unlabeled probe instances may be incorrect leading to
negative transferHowever, the effect afiegative-transfer
can be minimized by optimally selecting the con dence
threshold for co-training. High threshold value implies
conservative transfer while smaller value of the threshold
leads to aggressive transfer.

”.o

l'

B Y
B PN
-l}v-}

BERE Reps
(;) . (b)

lllustrating sample cases when the proposed appr@ccorrectly

.—v
adl

prominent. Table IV shows the number of instancascognizes and (b) fails to recognize. All the examples aith probe (left
on which co-transfer learning is performed for differeninage) size 24 24 and gallery (right image) size 722.

databases. It also shows how the co-transfer learning on

unlabeled instances changes the weights of an ensemblgne supsections below list the performance of individual
so as to better classify the target domain samples. Th§mponents of the co-transfer learning algorithm, compizee

experiments show that on all four databases combin

rformance of the proposed algorithm with transformation

co-training provides correct pseudo labels for about 98 super-resolution based approaches, and nally refioets

of the total instances.

performance on real word surveillance images and Point and

As more and more pseudo labeled instances are avaﬂalgiﬁoo»[ face database [25].

Ssource code is available at co-transfer learning algorithm gains from individual camp
inf.mpg.de/kkim/.

6Source code is obtained from http://www.ifp.illinois.égang29/.

authors webpage http://www.mplI

To analyze the effect of transfer learning, additional ekpe

nents such as co-training, transfer learning and ensembles
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ments are performed, referred as “HR/LR matching + transfer2) Comparison with COTS and Transformation based Ap-
learning”. In this experiment, the source domain compris@soaches:The performance of the proposed co-transfer learn-
HR probe and gallery images. The target domain compriseg (CTL) algorithm is compared with MDS [17], COTS,
HR gallery, downsampled HR images as LR probes, and tmgividual ensembles of SIFT [62], and LPQ [61], and their
few labeled examples are available from the target domain.fusion. The results are also evaluated by fusing the prapose
Tables V-VIII, “HR/LR TL (LPQ)” and “HR/LR TL (SIFT)” CTL algorithm with other techniques such as MDS [17] and
refers to experiments on LPQ and SIFT features respectivaBOTS. Tables V-VIII show the results of the proposed and
“HR/LR TL LPQ + SIFT” refers to match score level fusion.existing algorithms with different combinations of galter
These experiments are trained in a supervised manner uniiebe resolution on the four databases.
the proposed co-transfer learning algorithm which uses-sem The Cumulative Match Characteristics (CMC) curves in Fig.
supervised learning. In this case, the ensembles on the t%show the performance of different algorithms for matching
views work independent of each other. The target domgimobe images of resolution 2424 with gallery images of res-
classi er and weights for the two components in an ensembbéution 72 72. As compared to fusion of two ensembles, the
are updated with labeled instances in the target domaintend knowledge transfer from the source to target domain impgove
synthetic data obtained by downsampling the source domdi® accuracy by at least 4-5%. During initial training, sirtice
data. Similarly, to analyze the effect of co-training, “HIR/  source and target domain classi ers are trained indepéhden
matching + co-training” experiments are performed, reférr the knowledge transfer is not available in an ensemble. It is
to as “HR/LR CT” in Tables V-VIII. In this experiment, large feasible only with pseudo labeled probe instances availabl
number of instances from the source domain are combinte target domain during testing. Table V shows the resuits o
with few labeled instances from the target domain for tragni the CMU Multi-PIE database. The images in the CMU Multi-
the classier. Here, one classier is trained on all the dat®IE database are of very high quality and therefore the tesul
available for initial training. We use two classi ers traith on this database may not be representative of cross resoluti
on two separate views of the training data which then céace matching with surveillance quality databases. Howeve
train each other with the additional unlabeled instancemfr since the previous research on low resolution face reciognit
the target domain. The results in Tables V-VIII report thbas shown the results on the CMU Multi-PIE database, we are
performance of different components. using this database (along with three surveillance dat)as
establish the baseline comparison with MDS. The resulta/sho
HR/LR + transfer learning on the two views (i.e. SIFTthat for high resolutions, COTS performs better than the pro
and LPQ) yields better or comparable results comparedfgsed CTL and MDS algorithms. However, the performance
the individual ensembles and their fusion. It is observe®f the commercial system reduces signi cantly on reducirey t
that HR/LR + transfer learning on LPQ gives bettefesolution of probe images. On the contrary, the perforraanc
performance as compared to HR/LR + transfer |earnirﬁj CTL reduces at a lower rate and it yields better resulta tha
on SIFT. However, the proposed CTL algorithm stilCOTS when the probe image is of resolutib® 16.
outperforms HR/LR + transfer learning on individual Table VI shows the results on the SCface database [22].
views as it combines the complimentary informatioffhe proposed algorithm yields promising results on the-real
from both the ensembles. HR/LR + transfer learning al$orld surveillance database and even outperforms COTS by at
outperforms the MDS algorithm. least 24% on all combinations of gallery and probe resahstio
The performance of the proposed CTL algorithm is bett&ince the proposed algorithm uses SIFT and LPQ features
than the performance of match score level sum rule fusidfat are resilient to pose variations and changes in gray-
of HR/LR + transfer learning on SIFT and LPQ. Thdevel intensities due to illumination variations, it inleetly
gain in performance is attributed to the fact that in thaddresses the problem of head-pose and illumination iem&t
proposed co-transfer learning, the two ensembles co-tréythe SCface database. Moreover, the knowledge transfier wi
each other on the target domain instances. In HR/LR Unlabeled probe instances in the target domain facilitedes
transfer learning on LPQ and SIFT, the two classi ers aréf ciently classify the low resolution probes. Tables Viha
trained independent of each other. Moreover, the dowM!ll illustrate the performance on the ChokePoint [23] and
sampled instances from the source domain do not greaMBGC v.2 video challenge [24] databases respectively. On
facilitate the classi ers to improve the performance okoth the databases, the proposed algorithm performs better
the target domain instances. This validates our asserti&x@n the existing algorithms and COTS for all combinations
that downsampling source domain instances may leadabgallery-probe resolutions (except for gallery 218516 and
loss of information which is useful for face recognitionprobe 72 72, where COTS gives better performance).
The performance of HR/LR + co-training is lower as From the results shown on the three surveillance databases,
compared to HR/LR + transfer learning as the few labeldtican be inferred that for high resolution gallery-probérpa
target domain data is over shadowed by large numbePTS performs better than the proposed algorithm. However,
of labeled source domain data during training. It is or lower resolutions, the proposed algorithm yields bette
semi-supervised approach where unlabeled data from fgsults. The performance of transformation based appesach
target domain has to be transformed into pseudo label®¢ch as MDS [17] degrades when the difference in resolution

instances to co-train the classi ers on separate views. of gallery and probe images increases (i.e. matching galler
images of 216 216 with probe image of resolution 332 or
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TABLE V
RANK-1 IDENTIFICATION ACCURACY OF THE PROPOSEICTL ALGORITHM AND COMPARISON WITH EXISTING ALGORITHMS AND COMMERCIAL SYSTEM
ON THE CMU MuULTI-PIEDATABASE [21]. SIFTWITH SVM CLASSIFIER ANDLPQWITH SVM CLASSIFIER ARE REFERRED TO ASIFT AND LPQ
RESPECTIVELY E1 REFERS TO ENSEMBLEL, E2 REFERS TO ENSEMBLE2, FUSION REFERS TO SUM RULE FUSION OF TWO ENSEMBLE®MDS REFERS TO
MULTIDIMENSIONAL SCALING ALGORITHM PROPOSED BYBIswASet al.[17], COTS (COMMERCIAL-OFFTHE-SHELF) REFER TOFACEVACS,AND CTL
IS USED FOR THE PROPOSED GORANSFER LEARNING ALGORITHM. HR/LR TL (LPQ) REFERS TOHR/LR MATCHING + TRANSFER LEARNING VIA

LPQFEATURES ANDHR/LR TL (SIFT) REFERS TOHR/LR MATCHING + TRANSFER LEARNING VIASIFTFEATURES HR/LR TL LPQ + SIFT
REFERS TO MATCH SCORE LEVEL FUSION OF THE TWO APPROACHESND HR/LR MATCHING + CO-TRAINING EXPERIMENTS ARE REFERRED TO AS

12

HR/LRCT.
Resolution Algorithm
T P T e o [ o
Gallery Probe LPQ | SIFT El E2 | Fusion | MDS | CTL TL TL LPO+ cT MDS | COTS
(LPQ) | (SIFT) SIFT
72 72 || 66.3 | 61.7 | 72.4 | 68.1 76.2 77.8 | 81.0 72.5 76.6 79.2 69.6 | 99.5 80.2 99.8
48 48 || 63.6 | 58.2 | 70.6 | 67.3 74.5 75.2 | 79.7 71.2 74.4 774 68.4 | 981 79.4 99.3
216 216 | 32 32 || 454 | 418 | 53.2| 474 | 587 61.3 | 65.3 53.4 56.3 61.8 492 97.4 63.7 98.5
24 24| 2221 214 | 295| 26.8| 329 334 | 377 27.8 30.4 344 285 | 545 35.6 58.2
16 16 || 10.8 9.6 16.7 | 133 181 20.2 | 236 136 175 20.5 158 | 10.9 22.1 248
48 48 || 73.8 | 714 | 79.4] 76.3| 86.1 89.2 | 92.3 78.2 85.4 89.6 79.2 ] 982 92.7 99.1
72 72 32 32| 628 | 49.8 | 69.1| 55.2 79.4 815 | 841 73.4 78.3 81.7 585 96.3 84.3 97.4
24 24 || 56.8 | 52,6 | 61.8| 59.4| 70.3 757 | 774 64.3 69.2 733 62.4 | 645 785 80.1
16 16 || 50.2 | 474 | 56.7 | 52.1 66.2 689 | 724 60.8 66.5 69.6 556 | 115 72.8 76.1
32 32 || 442 | 425 | 50.3 | 47.8 55.2 58.7 | 61.8 51.6 55.2 58.2 498 ] 96.8 60.5 97.1
48 48 24 24| 426 | 39.8 | 486 | 445 517 549 | 571 46.4 50.6 54.4 485 759 55.8 785
16 16 || 206 | 182 | 26.2 | 22.3 29.9 313 | 329 23.8 28.6 305 25.2 6.4 394 432
32 32 24 24 || 376 | 30.1 | 41.2] 304 4438 40.9 | 45.7 38.6 44.4 45.3 334] 784 454 80.6
16 16 || 221 | 168 | 243 | 17.2 27.0 251 | 281 22.8 26.6 27.4 19.6 5.4 29.8 30.0
[ 2424 [16 16 ] 30.8 ] 264 [ 356 30.2] 421 [ 381 ] 432 ] 365 [ 418 | 425 [335] 163 [ 446 | 478 |
TABLE VI

RANK-1 IDENTIFICATION ACCURACY OF THE PROPOSEICTL ALGORITHM AND COMPARISON WITH EXISTING ALGORITHMS AND COMMERCIAL SYSTEM
ON THE SCFACE DATABASE [22].

Resolution Algorithm

TR PR ops | cn | <t

Gallery | Probe LPQ | SIFT El E2 | Fusion | MDS | CTL TL TL LPO+ cT MDS | COTS

(LPQ) | (SIFT) SIFT

48 48 || 584 | 55.8 | 63.2| 60.4 | 74.4 76.1 | 794 75.8 65.6 77.2 62.8 | 35.7 80.4 83.4

72 72 | 32 32 53.4 523 | 58.1 | 57.8 67.4 70.4 72.8 69.1 61.3 71.6 60.2 18.5 73.7 76.2
24 24 48.1 435 [ 526 | 49.1 60.2 64.8 66.4 61.6 54.8 64.5 52.3 10.3 67.6 70.1

48 48 32 32 ] 36.2 ] 326 | 40.2| 365 458 47.9 | 50.0 46.8 2.7 48.8 386 238 50.6 54.3
24 24 25.6 242 | 30.2 | 28.3 35.6 38.1 40.3 36.8 33.6 38.3 30.8 14.5 39.5 45.1
[ 32 32 [ 24 24 ]| 225 [ 173 [ 264 21.3] 297 [ 312 | 331 [ 316 | 294 | 32.0 | 244] 84 [ 339 | 362 |

TABLE VII

RANK-1 IDENTIFICATION ACCURACY OF THE PROPOSEICTL ALGORITHM AND COMPARISON WITH EXISTING ALGORITHMS AND COMMERCIAL SYSTEM

ON THE CHOKEPOINT DATABASE [23].

Resolution Algorithm
. A R R A e
Gallery Probe LPQ | SIFT El E2 | Fusion | MDS | CTL TL TL LPO+ cT MDS | COTS
(LPQ) | (SIFT) SIFT
72 72 || 322 | 286 | 36.3| 325 | 39.8 416 | 44.6 41.2 38.2 42.7 346 | 46.2 43.2 50.9
48 48 || 231 | 221|296 | 281 315 33.8 | 384 33.0 315 35.6 30.4| 337 36.8 423
216 216 | 32 32 || 21.8 | 218 | 27.3| 25.7| 30.6 325 | 355 32.2 29.4 334 281 204 341 395
24 24 184 | 16.2 | 23.2| 20.7 28.4 29.1 | 324 29.8 26.8 30.8 23.0] 103 31.7 35.1
16 16 9.6 8.2 147 11.2 15.6 178 | 20.2 171 16.6 18.3 128 | 6.04 19.3 234
48 48 ]| 424 ] 36.1 | 484 ] 426 505 50.9 | 53.7 52.2 50.4 53.4 453 227 53.1 56.4
72 72 32 32 326 | 318 | 376 | 35.7| 395 416 | 4338 41.2 39.2 42.0 381 127 42,6 47.2
24 241 254 | 236 | 305 289 | 31.6 324 | 36.1 33.0 32.6 34.2 30.8 9.5 34.8 395
16 16 || 214 | 196 | 26.2 | 23.8 28.1 287 | 316 29.8 28.4 30.3 25.6 7.6 30.4 35.2
32 32 354 | 326 | 41.2| 376 | 447 454 | 48.2 46.6 43.4 47.1 404 185 47.8 50.9
48 48 24 2471 232 | 204 | 274 2438 295 30.2 | 331 31.6 29.1 32.8 271 118 32.6 37.2
16 16 || 176 | 145 | 21.8| 19.6 241 26.3 | 283 25.8 23.6 26.5 22.7 47 275 31.6
32 32 24 24| 204 | 148 | 23.4| 18.7 24.3 28.6 | 316 26.2 25.6 29.4 21.3] 16.4 30.8 35.4
16 16 || 14.6 9.6 17.3 ] 134 19.6 219 | 231 211 19.2 21.8 15.6 35 225 26.0
24 24 116 16 ] 194 ] 156 [ 227] 186 258 | 287 [ 305 [ 274 | 242 | 291 [ 208] 135 | 314 | 358 |
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TABLE VIII
RANK -1 IDENTIFICATION ACCURACY OF THE PROPOSEICTL ALGORITHM AND COMPARISON WITH EXISTING ALGORITHMS AND COMMERCIAL SYSTEM
ON THEMBGC V.2 VIDEO CHALLENGE DATABASE [24].

Resolution Algorithm
TR T cors | et | et
Gallery Probe LPQ | SIFT El E2 | Fusion | MDS | CTL MDS | COTS

TL TL LPQ+ | CT
(LPQ) | (SIFT) | SIFT
72 72 || 272 | 254 | 30.8 | 28.2| 334 | 365 | 40.7 | 326 | 353 370 | 304 | 443 | 392 | 473
48 48 || 226 | 248 | 26.2 | 237 | 293 | 308 | 335 | 284 | 318 325 | 255 | 314 | 32.7 | 368
216 216 [32 32 || 208 | 172 | 236 [ 200 261 | 284 | 326 | 25.7 | 284 301 | 227 185 | 314 | 352
24 24 || 176 | 154 | 215 | 186 | 23.7 | 253 | 281 | 235 | 252 268 | 208 98 269 | 295
16 16 || 96 | 88 | 125 101 | 148 | 168 | 195 | 142 | 165 182 | 124 57 187 | 208

48 48 || 38.2 | 33.6 | 43.1 | 39.7 45.3 46.8 | 49.3 45.8 47.8 48.1 421 21.2 48.6 50.7
72 72 32 32 || 29.2 | 264 | 334 29.1 35.9 38.3 | 41.9 35.1 38.1 40.8 315] 114 40.5 45.2

24 24 1] 236 | 204 | 26.3 | 225 28.7 29.8 | 332 28.2 31.2 32.0 24.4 8.7 315 36.9
16 16 196 | 16.8 | 22.7 | 194 24.8 265 | 295 24.8 26.6 275 21.3 6.2 28.1 335

32 32 || 336 | 31.2 | 384 | 331 40.5 443 | 474 40.7 42.7 45.6 358 | 17.2 46.8 48.7
48 48 24 24| 21.4 | 202 | 246 21.3 25.8 27.6 | 30.3 26.6 27.6 28.4 235 10.2 29.4 335
16 16 165 | 148 | 18.2 | 15.7 20.3 241 | 26.5 20.4 22.5 241 17.4 4.2 26.1 27.9
24 24 || 178 | 12,6 | 20.7 | 15.6 22.3 271 | 28.6 22.6 24.2 26.2 17.7 | 14.8 29.2 33.2
16 16 12.6 8.6 14.6 | 10.9 16.3 19.8 | 21.3 16.2 18.4 19.8 12.3 3.1 20.6 23.9

[ 24 24 [ 16 16| 184 | 148 | 204 161 ] 235 | 273 | 282 | 225 | 266 | 270 | 180 110 | 294 | 318 |

32 32

100 100 100 100
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Fig. 9. CMC curves showing the performance for matching 24 probe images with 7272 gallery images on the a) CMU Multi-PIE, b) SCface, c)
ChokePoint, and d) MBGC v.2 video challenge databases.
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Fig. 10. CMC curves comparing the performance of the prapa@dgorithm with three super resolution techniques on theCfdU Multi-PIE, (b) SCface,
(c) ChokePoint, and (d) MBGC v.2 video challenge databaBesbe images of 2424 pixels are super-resolved by a magni cation factor obéhto match
the gallery resolution of 7272 pixels.

lower). The transformations learned for such wide variagim attributed to the combined effect of COTS and CTL. COTS
gallery-probe resolution may not be precise and thus degraaf ciently addresses the difference in the information ot

the performance. Experimental results in Tables V-Vllloalsat higher resolutions, while CTL addresses the problem of
show that sum-rule fusion [63] of the proposed algorithmhwitlimited biometric information at low resolution images. On

COTS further enhances the performance of cross-resolutible contrary, sum-rule fusion of the proposed CTL with

face matching. This improvement in performance may WdDS [17] slightly degrades the performance as it may not
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ef ciently accommodate for large difference in informatio still applicable as super-resolution introduces seventifbats
content between the gallery-probe pairs. that may affect the biometric information in a face image
For experiments on the CMU Multi-PIE database, the@nd leads to variations in data distribution (of features or
is only a single gallery and a single probe image fromnatch scores) between the source and target domains. The
the target domain. The proposed co-transfer learning celassiers in target domain are now trained to match the
ef ciently transfer the knowledge to better learn the targenhanced probe images with HR gallery. For the experiments,
domain decision boundary using only a single gallery arghiper-resolution is performed with a magni cation factdr o
single probe image (completely unseen training and testinghree to match probe images of si2zd 24 with 72 72
However, this condition is slightly relaxed for experimentgallery images. CMC curves in Fig. 10 show that the proposed
with other three databases which contain multiple probes pe@-transfer learning algorithm outperforms all three supe
subject in the target domain and the classi ers may be trhineesolution techniques by at lea$i% on the CMU Multi-
on subjects with these multiple probes in an increment@lE databasel(0% on the SCface database, a#fb on the
manner. It is to be noted that the probe images are r§thokePointand MBGC v.2 video challenge databases. Further
used for recognition (testing) and then used to update tag shown in Fig. 10, enhancing probe images using super-
weights in an incremental semi-supervised manner. Thexgfaresolution boosts the performance of both CTL and COTS.
the probe images are incorporated in training only aftey théf is observed that super-resolution minimizes the diffiese
have classied - thereby maintaining the unseen nature of the resolutions of gallery and probe images. However, it
training and testing databases. does not enhances the biometric information in face images.
Therefore, the performance gain is constrained by limited
biometric information in low resolution face images.

B. Performance on Real World Cases

Recently, Klontz and Jain [66] have investigated the op-
portunity for face recognition algorithms to facilitatewa
enforcement agencies in identifying individuals from thiene
scene CCTV footage during the Boston bombings incident.
Inspired by their study, the performance of the proposed co-
transfer learning algorithm is also evaluated on some real
world examples pertaining to cross-resolution face matghi
In our experiments, some real world examples are collected

Fig. 11. Enhanced images obtained using three super-tesolechniques fror_n_ different sources on the internet which ”?Clu_d_es two

(SR-1,SR-2, and SR-3). The leftmost column represents lesolution iNdividuals from Boston bombing [66], [67], four individlsa

(24 24) images and the rightmost column represents the origiigh from London bombing [1] and one individual from Mumbai

e e s 512 () terrorst attack [2]. Fig. 12 shows the low resolution prsiad
corresponding gallery images considered in the experiment
In this additional experiment for evaluating the performman

3) Comparison with Super-resolution Approaches:this with these seven real world examples, we appended these

section, the performance of the proposed co-transferilegrnimages to the SCface database for co-transfer learning. The

algorithm is compared with three super-resolution teches experiments are performed with gallery image resolution of

proposed in literature. For evaluating the effectiveneks @2 72 pixels and query image resolution 82 32 pixels.

super-resolution technigues for matching low and highlteso Each individual has one image in the gallery and one or

tion face images, it is used as a pre-processing step to eehamore low resolution images as probe. Further, an extended

the quality of low resolution face images before matchingallery of 6534individuals is created by using frontal images

Some examples of enhanced images are shown in Fig. 11. Hequired from a law enforcement agency and appending it

enhanced image is matched with high resolution gallery anatp the gallery of the SCface database. The performance of

using different algorithms. The LPQ and SIFT features atbe proposed co-transfer learning algorithm is also coegpar

extracted from the super-resolved images and the perfarnawith COTS for matchingl5 probe images corresponding to

is computed after sum-rule fusion [63] of LPQ and SIFThese? real world cases. The results in Table IX show that the

match scores computed using thé distance metric. For proposed algorithm consistently retrieves the correcchmat

evaluating the performance with the proposed technique adbwer rank than COTSon all the cases. The results validate

COTS, super-resolution based on sparse representation (8& initial assertion that the proposed co-transfer lewyni

3) is applied on the probe images and then feature extract@gorithm can ef ciently be coupled with surveillance sysis

and matching are performed using the CTL algorithm (reterréo assist law enforcement agencies.

to as “CTL+SR”) and COTS (referred to as “COTS+SR").

The target domain thus includes enhanced images Obtainej%ince, the eye region is occluded in some of the probe imag@3.S is

using super-resolution. It is to be noted that transfemlie@ris not able to process such cases (represented as NP - Not $¥dfes
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TABLE IX

RESULTS FOR MATCHING REAL WORLD EXAMPLES AGAINST A LARGE SCAE

GALLERY OF 6534 INDIVIDUALS . VALUES IN THE TABLE REPRESENTS THE

RANK AT WHICH THE CORRECT IDENTITY IS RETRIEVED NP REPRESENTS THE CASES WHICH ARE NOT PROCESSED BY TIXOTS.

. Probe Id
Algorithm la|{Ib[2a[2b[2c]3a[3b[4a[5a[bb[6a[6b] 6C [ 72a] 7b
CTL 7 29 8 17 1 15 5 19 [ 17 1 1 10 | 18 2 4
COTS NP | NP | 11 | 26 3 28 9 22 | NP 1 1 14 | NP 4 NP

Fig. 12. Real world cases for cross-resolution face magchi@a) low
resolution probe images and (b) corresponding gallery émnag

the weights assigned to each classier facilitates gradual
shift of knowledge from the source to target domain. The
amalgamation of transfer learning and co-training helps to
transfer knowledge from the source to target domain with
probe instances as and when they arrive. Comprehensive
analysis, including comparison with existing cross-ragoh
face matching algorithms, super-resolution techniqued, &
commercial face recognition system, is performed for défife
gallery-probe resolutions ranging from 21816 to 16 16
pixels. The proposed co-transfer learning framework ptesi
signi cant improvement for cross-resolution face matchon
different surveillance quality face databases. As futasearch
directions, this research can be extended for addressoss cr
resolution face recognition under face age and weight, dis-
guise, and plastic surgery variations. It can further berc¢d

for cross resolution face recognition in videos where saver

The performance of the proposed algorithm is also evaluated
on the still matching challenge of Point and Shoot Challenge
(PaSC) [25] database. The experiments are performed
the frontal part of the still face database and the prede neg
protocol of PaSC is followed except the resolution of images
In PaSC, the size of both gallery and probe images is samé!
however, the proposed algorithm requires the two to be qfy
different resolutions. Therefore, we have set the probegema [5]
size to24 24 whereas the gallery images are of original
size72 72 Under this environment, the proposed algorithimg)
yields the veri cation accuracy of 47% at 1% false accept
rate and the COTS yields a signi cantly lower accuracy 01‘7

33%. It is to be noted that these results cannot be compared
with the ones provided in [25] because the resolution of the
probe images is different from our experiments. (8]

VIl. CONCLUSION AND FUTURE WORK [9]

The paper introduces a co-transfer learning framework
which seamlessly combines the co-training and transfenlea
ing paradigms for efcient cross-resolution face matchingio]
During training, the proposed framework learns to matctnhig
resolution face images in the source domain. This knowledg@]
is then transferred from the source domain to the target doma
to match low resolution probes with high resolution galler
The proposed framework builds ensembles from the Weigh'ielczi]
combination of source and target domain classi ers on two
separate views. Two ensembles trained on separate ijlvg?
transform the unlabeled probe instances into pseudoddb
instances using co-training. These pseudo-labeled iossan
are utilized for updating the decision boundary of the targé4l
domain classi er, thus, transferring knowledge from tharse
domain to the target domain. Further, dynamically updating

] T. Dhamecha, R. Singh, M. Vatsa, and A. Kumar,
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