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a b s t r a c t 

Face recognition (FR) plays an important role in video surveillance by allowing to accurately recognize 

individuals of interest over a distributed network of cameras. Systems for still-to-video FR are exposed 

to challenging operational environments. The appearance of faces changes when captured under uncon- 

strained conditions due to variations in pose, scale, illumination, occlusion, blur, etc. Moreover, the fa- 

cial models used for matching may not be robust to intra-class variations because they are typically 

designed a priori with one reference facial still per person. Indeed, faces captured during enrollment 

(using still cameras) may differ considerably from those captured during operations (using surveillance 

cameras). In this paper, an efficient multi-classifier system (MCS) is proposed for accurate still-to-video 

FR based on multiple face representations and domain adaptation (DA). An individual-specific ensemble 

of exemplar-SVM (e-SVM) classifiers is thereby designed to improve robustness to intra-class variations. 

During enrollment of a target individual, an ensemble is used to model the single reference still, where 

multiple face descriptors and random feature subspaces allow to generate a diverse pool of patch-wise 

classifiers. To adapt these ensembles to the operational domains, e-SVMs are trained using labeled face 

patches extracted from the reference still versus patches extracted from cohort and other non-target stills 

mixed with unlabeled patches extracted from the corresponding face trajectories captured with surveil- 

lance cameras. During operations, the most competent classifiers per given probe face are dynamically 

selected and weighted based on the internal criteria determined in the feature space of e-SVMs. This 

paper also investigates the impact of using different training schemes for DA, as well as, the validation 

set of non-target faces extracted from stills and video trajectories of unknown individuals in the opera- 

tional domain. The performance of the proposed system was validated using videos from the COX-S2V 

and Chokepoint datasets. Results indicate that the proposed system can surpass state-of-the-art accuracy, 

yet with a significantly lower computational complexity. Indeed, dynamic selection and weighting allow 

to combine only the most relevant classifiers for each input probe. 

© 2017 Elsevier Ltd. All rights reserved. 
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. Introduction 

Face analysis and recognition are widely used in applications

f law enforcement, forensics, e-learning, biometric authentication,

ealth monitoring and surveillance. In decision support systems for

ideo surveillance, recognizing the faces of target individuals is in-

reasingly employed to enhance security in public places, such as

irports, subways, shopping malls, etc [1] . These systems must ac-

urately detect the presence of the individuals of interest across a

istributed network of video cameras based on their correspond-
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ng facial models. Still-to-video FR systems capture faces appearing

n videos, and then match them against facial models generated

ased on high-quality target face stills [2] . Spatio-temporal recog-

ition and multi-view analysis are typically exploited to enhance

erformance in such applications [3] . 

In still-to-video FR, facial models are designed using one or

ore target facial regions of interest (ROIs) isolated in reference

till images for template matching, or for determining a set of

lassifier parameters [4] . Still-to-video FR systems are typically de-

igned as independent individual-specific detectors, each one im-

lemented with a template matcher, 1-, or 2-class classification

ystem per individual of interest [5] . During enrollment, each de-

ector may be modeled using reference still ROI(s) from target indi-

iduals, and possibly still ROIs from the cohort or other non-target

ersons, as well as, trajectories of video ROIs from unknown (non-
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target) individuals. The benefits of designing individual-specific de-

tectors are the feasibility to add, update, and remove detectors

from the system, as well as, to select specialized feature subsets,

and decision thresholds for each corresponding individual [6] . 

Watch-list screening is challenging for still-to-video FR systems,

because the number of representative reference still ROIs (high-

quality mugshots or ID photos) available during enrollment of a

target individual is very limited [6] . It is typically too costly or un-

feasible to collect and analyze several reference ROIs. In particular,

only one or few still ROIs are available for enrollment of an indi-

vidual, and also a restricted or small number of individuals (co-

hort) are enrolled to the system. Furthermore, the appearance of

ROIs captured from reference stills may differ significantly from

ROIs captured from videos, and vary due to capture conditions (e.g.

illumination, pose, scale, blur, expression, and occlusion) [7] . 

Given this single sample per person (SSPP) problem, state-of-

the-art systems for still-to-video FR may achieve a low level of per-

formance due to difficulties in designing robust facial models [8] .

Different techniques specialized for SSPP problems have been pro-

posed to improve robustness to intra-class variability, such as using

multiple face representations, synthesizing virtual faces, and incor-

porating auxiliary sets to enlarge the training data [6,9,10] . How-

ever, multiple representations and synthetic generation techniques

alone are only effective to the extent where reference target ROIs

captured in the enrollment domain (ED) are representative of an

operational domain (OD). 

An important issue in still-to-video FR is that probe ROIs are

captured over multiple distributed surveillance cameras, where

each camera represents a different non-stationary OD. Capture

conditions may vary dynamically within an OD according to envi-

ronmental conditions and individual behaviors. Accordingly, their

data distribution differs significantly from ROIs captured with a

still camera in the ED, degrading system performance [11] . Design-

ing a robust face model for still-to-video FR is a challenging task

due to the difference of faces captured in the ED and OD [8] . 

Several transfer learning methods have been proposed to de-

sign accurate recognition systems that will perform well in the

OD using the knowledge taken from the ED [12] . Since the learn-

ing tasks and feature spaces between the ED and OD are the

same, but their data probability distributions are different, watch-

list screening corresponds to domain adaptation (DA) [13] . Accord-

ing to the information transferred between the domains, two unsu-

pervised DA approaches are relevant for still-to-video FR: instance-

based and feature representation-based approaches [12] . The for-

mer methods attempt to exploit parts of the ED for learning in the

OD, while the latter methods exploit OD to find a desired common

representation space that reduces the difference between domain

spaces and subsequently, the classification error. 

Recently, multi-classifier systems (MCSs) have been shown to

provide a high level of accuracy and robustness in watch-list

screening applications [6,8] . In particular, classifier ensembles can

increase the accuracy and robustness of still-to-video FR by inte-

grating diverse pools of classifiers generated using multiple rep-

resentations of reference facial ROIs. Furthermore, during opera-

tions, dynamic classifier selection/weighting methods allow to ex-

ploit the most competent classifiers from the pool for a given input

probe [14–16] . Dynamic selection (DS) has been shown to be an

effective tool to address ill-defined classification problems, where

the training data is limited and imbalanced [17,18] . To the best of

authors’ knowledge, DS has not been exploited in these SSPP prob-

lems without using several other target samples to form a valida-

tion set. 

In this paper, an efficient and robust MCS is proposed for still-

to-video FR. Multiple face representations and domain adapta-

tion are exploited to generate an individual-specific ensemble of

e-SVMs (Ee-SVM) per target individual using a mixture of facial
OIs captured in the ED (the single labeled high-quality still of

arget and cohort captured under controlled conditions) and the

D (i.e., an abundance of unlabeled facial trajectories captured by

urveillance cameras during a calibration process). Facial models

re adapted to the OD by training the Ee-SVMs using a single la-

eled target still ROI versus cohort still ROIs, along with unlabeled

on-target video ROIs. Several training schemes are considered for

A of ensembles according to utilization of labeled ROIs in the ED

nd unlabeled ROIs in the OD. 

During enrollment of a target individual, semi-random feature

ubspaces corresponding to different face patches and descriptors

re employed to generate a diverse pool of classifiers that provides

obustness against different perturbations frequently observed in

eal-world surveillance environments. In this paper, two applica-

ion scenarios are investigated to design individual-specific ensem-

les. In the first scenario, a validation set is employed together

ith a global criterion (measuring the significance of each patch

n the overall performance) in order to rank and select patches

nd subspaces. In contrast, a local distance-based criterion is used

n the second scenario to rank subspaces without employing a vali-

ation set. In particular, various ranked feature subspaces are sam-

led from face patches represented using state-of-the-art face de-

criptors, instead of randomly sampling from the entire ROIs. Prun-

ng of the less accurate classifiers is performed to store a compact

ool of classifiers in order to alleviate computational complexity. 

During operations, a subset of the most competent classifiers is

ynamically selected/weighted and combined into an ensemble for

ach probe using a novel distance-based criteria. Internal criteria

re defined in the e-SVM feature space that rely on the distances

etween the input probe to the target still and non-target sup-

ort vectors. In addition, persons appearing in a scene are tracked

ver multiple frames, where matching scores of each individual

re integrated over a facial trajectory (i.e., group of ROIs linked to

he high-quality track) for robust spatio-temporal FR. The proposed

ystem is efficient, since the criteria to perform DS and weighting

llows to combine a lower restrained number of the most relevant

lassifiers within the individual-specific ensembles. 

Videos from the COX-S2V [19] and Chokepoint [20] datasets are

mployed to evaluate and compare the performance of the pro-

osed system against state-of-the-art methods. These datasets con-

ains a high-quality reference still from the ED and low-quality

ideos of individuals captured under uncontrolled conditions in

ifferent ODs. Experimental results are obtained at the transaction-

nd trajectory-levels in the ROC and precision-recall spaces. The

esults indicate that the proposed system provides state-of-the-art

ccuracy, yet with a significantly lower computational complexity. 

This paper is organized as follows. Section 2 provides some

ackground on still-to-video FR, and its challenges, and on

tate-of-the-art systems developed to address this SSPP problem.

ection 3 presents a review of techniques proposed in the liter-

ture for ensemble generation, dynamic selection and weighting

f classifiers. Section 4 presents a detailed description of the pro-

osed system. The experimental methodology and simulation re-

ults are presented and interpreted in Sections 5 and 6 , respec-

ively. 

. Background on still-to-video face recognition 

.1. A generic spatio-temporal system 

A spatio-temporal system for still-to-video FR is mainly com-

rised of the following components, face segmentation (detection),

erson tracking, face classification and spatio-temporal fusion. In

uch a system, each surveillance camera captures individuals ap-

earing in its field of view (FoV). Segmentation is performed in

ach frame to isolate the facial ROIs and then the features are ex-



S. Bashbaghi et al. / Pattern Recognition 69 (2017) 61–81 63 

Fig. 1. A multi-classifier system for still-to-video FR using multiple face representations. 
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racted and combined into ROI patterns, as well as, initiating the

erson tracker. Input ROI patterns are then matched against the fa-

ial models of each enrolled individuals along a trajectory through

 face classification module. 

Video-based FR systems can make use of spatial information

e.g. face appearance) along with the location of persons and varia-

ions of faces over time to perform a robust spatio-temporal recog-

ition. In watch-list screening applications, spatio-temporal fusion

an be performed using a person tracker that regroups ROIs be-

onging to the same person into a trajectory. The matching scores

btained for each enrolled individual along a trajectory can be ac-

umulated and compared to decision thresholds in order to pro-

ide a list of likely target individuals associated with each tra-

ectory. For instance, an adaptive appearance model tracking has

een proposed for still-to-video FR [3] to learn track-face-model

or each different individual appearing in the scene during opera-

ions. Sequential Karhunen–Loeve technique is employed within a

article filter-based tracker for online learning of track-face-models

hat are matched against the face models of individuals enrolled in

he system. 

.2. State-of-the-art still-to-video face recognition 

A common mapping space for matching face stills and videos

as been learned using partially weighted linear discriminant anal-

sis based on a single high-quality still and a set of low-quality

ideos of each individual [19] . Since the characteristics of stills

nd videos are different, it could be an inefficient approach to

uild a common discriminant space. As a result, a weighted dis-

riminant analysis method has been proposed in [21] to learn

 separate mapping for stills and videos by incorporating the

ntra-class compactness and inter-class separability as the learning

bjective. 

To match image sets in unconstrained environments, a reg-

larized least square regression method has been proposed in

22] based on heuristic assumptions (i.e. still faces and video

rames of the same person are identical according to the identity

pace), as well as, synthesizing virtual face images. In addition, a

oint-to-set correlation learning approach has been proposed in

23] for either still-to-video or video-to-still FR tasks, where Eu- 

lidean points are matched against Riemannian elements in order

o learn maximum correlations between the heterogeneous data.

ecently, a Grassmann manifold learning method has been pro-

osed in [24] to address the still-to-video FR by generating mul-

iple geodesic flows, to connect the subspaces constructed in be-

ween the still images and video clips. 
.3. Techniques for multiple face representation 

MCS specialized for spatio-temporal still-to-video FR contains

ndividual-specific ensembles of classifiers generated for multiple

ace representations (see Fig. 1 ) [25] . Facial ROIs in each frame

re isolated using segmentation and preprocessing module. Mean-

hile, the person tracker is initiated to regroup the facial ROIs cap-

ured for a same person into a trajectory. Then, multiple face rep-

esentations are obtained by generating patterns that correspond

o different patches and feature extractions to train a diverse pool

f base classifiers. An individual-specific ensemble of classifiers

s employed for multiple face representations. The fusion module

ombines the classification scores obtained using comparison of

robe ROI pattern against facial models designed for each individ-

al of interest. 

Generating multiple face representations from the target ref-

rence still can improve robustness in watch-list screening ap-

lications. To provide diverse representations for ensembles, ex-

racting different face descriptors and patches can be exploited.

o that end, facial ROIs are first divided into several sub-regions

patches) with or without overlapping, then different feature ex-

raction techniques (face descriptors) can be applied on each patch.

atch-based methods allow to recognize faces in partially occluded

nconstrained environments through local matching. In addition,

hey provide robustness to changes in pose and appearance [26] .

ence, patching makes use of local structural information to effec-

ively deal with variations in uncontrolled surveillance conditions.

xtracting features from local facial regions for local matching may

ead to a robust and accurate FR systems [6] . 

Exploiting several discriminant face descriptors to generate

ultiple representations can be effective in still-to-video FR sys-

em [6,8] . Each descriptor is specialized to address some nui-

ance factors (e.g., illumination, pose, blur, etc.) encountered in

ideo surveillance. Hence, the choice of descriptors is based on

he complementary information that they provide, where combin-

ng classifiers trained with different descriptors into an ensem-

le can achieve a high-level of robustness. Furthermore, generating

ynthetic faces through morphology or 3-D reconstruction may be

sed to provide multiple virtual face views [27] . 

.4. Domain adaptation 

Domain adaptation (DA) methods have been applied in sys-

ems either in still-to-video or video-to-video FR [11,13] . Capturing

aces in unconstrained environments and different locations trans-

ates to large differences between in the source and target distribu-
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tions, due to different camera viewpoints, pose, illumination con-

ditions, etc. Real-world scenarios for watch-list screening and per-

son re-identification are most specially pertinent for unsupervised

DA, because it is costly and requires human efforts to provide la-

bels for faces in the target domain [28,29] . Recently, a discrimi-

native transfer learning approach has been proposed for the SSPP

problem that relies on exploiting a generic training set (source do-

main) to learn a feature projection and then transfer into the single

sample gallery set (target domain) through performing discrimi-

nant analysis [30] . It attempts to minimize the differences between

the source and target domains, and employs sparsity regulariza-

tion to provide robustness against outliers and noise. In addition,

an extended sparse representation classification approach through

DA (ESRC-DA) has been proposed for still-to-video FR incorporating

matrix factorization and dictionary learning [31] . 

Ensemble-based algorithms have been also proposed to ad-

dress the problem of cross-resolution face matching, where low-

resolution probes in the OD are matched against high-resolution

gallery faces in the ED. In such a case, the classifiers that are

trained only on the ED may not classify the test instances effec-

tively, because of the variations in domain distributions [12,32] .

For instance, an ensemble of pre-computed SVMs trained inde-

pendently on the labeled samples from multiple EDs has been

employed to enforce the decision boundary of a target classi-

fier toward them using a domain-dependent regularizer [32] . An

ensemble-based co-transfer learning framework has been devel-

oped in [33] , where a semi-supervised approach is employed to

integrate transfer learning and co-training in order to efficiently

transfer the knowledge from the ED to the OD. This approach

leverages few labeled and large unlabeled probe instances to en-

able knowledge transferring by combining the ensemble of SVM

classifiers trained on the ED and OD. Followed by ensemble-

based methods, individual-specific ensembles of e-SVMs are pro-

posed in this paper for robust still-to-video FR, where the classi-

fiers are trained using a single labeled high-resolution still from

the ED versus few labeled high-resolution stills from the ED (co-

hort or other non-target individuals) and abundant unlabeled low-

resolution videos from the OD. 

3. Generation and selection of individual-specific ensembles 

Techniques introduced in the literature that are relevant for

the generation and selection of individual-specific ensembles are

briefly presented including random subspace methods, classifica-

tion systems, dynamic classifier selection and weighting. To over-

come the challenges of designing a robust MCS according to the

watch-list screening constraints, different techniques can be ap-

plied for ensemble generation. Bagging, boosting, and random sub-

space method (RSM) are well-known resampling techniques de-

veloped to efficiently tackle the small sample size problem [34] .

The main idea of these methods is to enlarge the sample size by

manipulating the training data. It is worth noting that bagging

and boosting methods are not applicable to watch-list applications,

since they require more than one target sample in the training set.

Moreover, the selection and weighting of classifiers can be em-

ployed to consider the most competent classifiers within a pool

[35] to adapt to the capturing context of each given probe. 

The accuracy and diversity of classifiers within ensembles are

key issues in ensemble-based systems [36,37] . Assuming both di-

versity and accuracy is not trivial, because diversity means dis-

agreement among classifier predictions, whereas accuracy implies

agreement on the predictions [38–40] . Individual-specific ensem-

bles designed in this paper generate a diverse pool of classifiers

per each individual of interest using processed face patches and

random subspaces [41,42] . In particular, using faces from different

domains (diversity of domains), considering different face patches
ithout overlapping, exploiting different feature extraction tech-

iques, as well as, randomly resampling different feature subsets

llow to generate a diverse pool of classifiers. 

.1. Random subspace methods 

RSMs randomly sample different feature subspaces from the

riginal feature space of the input sample to create an ensemble

f classifiers [43] . Let F = { f 1 , f 2 , ..., f d } be the d -dimensional orig-

nal feature space. To create a random subspace R , s features are

andomly sampled from F . A feature vector belonging to the sub-

pace R is denoted by a = [ a 1 , a 2 , ..., a s ] and is used to train a clas-

ifier. This sampling process is repeated K times to create an en-

emble of classifiers C = { c 1 , . . . , c l , . . . , c K } , where using different

ubsets R encourage diversity among the classifiers c l . The ensem-

le of classifiers C is therefore more suitable than a single classifier

onstructed with an instance from the complete feature space F .

ince RSM generates many redundant features, one of them may

chieve higher accuracy compared to the original feature space. In

he SSPP context, RSMs can provide different representations of the

ingle training sample and inherit accuracy from classifier aggre-

ation. RSM also helps avoiding over-fitting and is more robust to

oisy data [44] . 

Ensemble of randomized linear discriminant analysis [45] is

roposed based on constructing an ensemble using randomly se-

ected features from the single training sample, where ensemble

f these low-dimensional subspaces provides efficient functional-

ty. Although this approach has achieved great success in some ex-

ents, it fails to deal with the existing variations in video surveil-

ance environments, mostly due to feature extraction from a whole

ace rather than local parts of the face. However, semi-random

ubspace method has been proposed in [37] to randomly sample

eatures from local regions of the face in a deterministic way in-

tead of completely random way. In this regard, a face image is

rst divided into several regions, and then a set of base classifiers

re constructed on different randomly sampled features extracted

rom each region, and finally all base classifiers are fused to pro-

ide the final decision. Recently, random subspaces was used to

erform ensemble learning for makeup-robust FR by sampling fea-

ures randomly from a set of features extracted from patches of

efore-makeup and after-makeup facial images [46] . Hence, ran-

om sampling on each local patch can gain more diversity be-

ween classifiers within the ensembles, because it generates multi-

le classifiers on different f eature distributions, as well as, because

t exploits local structure information to recognize faces efficiently

nder changes in expression, illumination, and occlusions [37] . 

.2. Classification systems 

Designing accurate classifiers for a MCS under imbalanced data

ituation is a challenging issue [8] . SVM is a well-known and

idely used discriminative classifier that finds the optimal hyper-

lane to separate data patterns into binary classes. Thus, special-

zed 2-class SVMs are used to generate a pool of classifiers. Con-

entional 2-class SVM classifiers typically fail to find an optimal

ecision boundary in case of imbalance data [47] . However, dif-

erent error costs (DEC) method [48] can be used to assign two

isclassification cost values C + and C − to manipulate the SVM ob-

ective function as follows: 

i n w ,b,ξ
1 

2 

w 

2 + C + 
l ∑ 

[ i | y i =+1 ] 

ξi + C −
l ∑ 

[ i | y i = −1 ] 

ξi (1)

here w is the weight vector, b is the bias term, C + and C − are the

ositive and negative misclassification costs to control the weight,

espectively. 
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In the specialized approach proposed according to the existing

onstraints, classifiers are trained using a single target reference

tills against many non-target samples. A method called exemplar-

VM (e-SVM) [49] has been proposed to train a separate SVM clas-

ifier with DEC for each individual of interest. It has shown effec-

iveness and generalization to design an individual-specific ensem-

les for still-to-video FR, where diversity of an e-SVM pool is pro-

ided using multiple representations [8] . It is worth mentioning

hat training many different e-SVM classifiers based on multiple

epresentations and then combining their scores may avoid the is-

ue of over-fitting. Since there is only a single positive sample in

he training set, its error should be weighted much higher than the

egative samples to avoid the skewness toward negatives. Let a be

he target ROI pattern, x and U be sets of non-target ROI patterns

either labeled still ROIs or unlabeled video ROIs depending on the

ifferent training schemes) and their number, respectively. The cost

unction of e-SVM using a linear kernel is formalized as follows: 

i n w ,b w 

2 + C 1 max (0 , 1 −
(
w 

T a + b 
)
+ C 2 

∑ 

x ∈ U 
max 

(
0 , 1 −

(
w 

T x + b 
))
(2) 

here C 1 and C 2 define the regularization weights, w is the

lassifiers weight vector, b is the bias. 

.3. Dynamic selection and weighting of classifiers 

Selection of diverse and discriminative classifiers is a funda-

ental task in MCSs, where it can favorably decrease the risk of

lassifier over-generalization. The key idea of classifier selection is

o select a set of classifiers C ∗ ∈ C that contains the most appropri-

te classifiers for a given input pattern t . This task can be broadly

ategorized into static and dynamic selection methods [35] . Meth-

ds that select the classifiers statically are performed offline with

 validation set, while dynamic selection methods exploit opera-

ional time information [50] . The latter is preferred to select the

ost locally accurate set of classifiers based on the context knowl-

dge for each input pattern t . 

A major issue to achieve a reliable dynamic selection scheme is

o determine an accurate criterion in order to measure the level of

ompetence among the base classifiers c l within the pool C . Con-

idering the SSPP problem, it is challenging to define desirable cri-

eria to dynamically select and weight the most competent clas-

ifiers during operations. The notion of competence as a selection

pproach indicates the capability of classifiers to best fit the given

lassifier selection process. In other words, it reveals a measure to

elect the best classifiers regarding to different classification tasks

14] . In order to calculate the competence level of a base classifier,

hree different approaches were proposed in the literature [35] : (1)

he local neighborhood accuracy (over a region around the input

est pattern t in the feature space) [51–53] , (2) decision templates

r profiles (over a space declared by the base classifiers’ output)

17,52] , and (3) extent of consensus [18] . 

DS methods that have been proposed in the literature are

ostly based on the local accuracy concept [35] . Thus, the accu-

acy of each classifier in the pool is estimated within the local

egion defined in a neighborhood of the pattern to be classified

n the feature space (region of competence) [51] . Techniques us-

ng local accuracy to measure the competence are highly reliant

n performance of the methods employed to define the neighbor-

ood, such as k-NN. In contrast, as an advantage of decision tem-

lates techniques, it can be highlighted that they are not depen-

ent on the quality of the region of competence over the feature

pace, while the decision space is considered to compute the sim-

larity. Nevertheless, they only exploit global information of the

ase classifiers instead of the local expertise of them [17] . Further-

ore, techniques based on extent of consensus are independent
rom the region of competence information, contrary to the local

eighborhood accuracy techniques. However, since there are some

ies among different members of the pool, an ensemble of classi-

ers with an acceptable consensus (level of confidence) may not

e selected and the system may perform a random selection [18] . 

Dynamic weighting (DW) methods are similarly related to DS

echniques, because they rely on the competence of classifiers [54] .

onsequently, defining the appropriate competence is a key factor

n the design of these techniques. A set of competent classifiers

re dynamically selected from the ensemble to classify each input

attern in DS, while the scores of classifiers in the ensemble are

eighted in DW. Previous studies reveal that using only one cri-

erion as a level of competence is typically capable of selecting or

eighting the classifiers dynamically and achieve a higher level of

erformance [14,55] . However, multiple criteria can be considered

o measure the competence of classifiers in order to appropriately

elect or weight them. 

In contrast with conventional ensemble-based fusion methods

56] , static and dynamic classifier combination techniques cannot

e directly utilized in the watch-list screening application with

nly a single reference still per target individual during the de-

ign [54,56] . Since each classifier in the proposed system is trained

pecifically for the target individual, classifiers dedicated to other

ndividuals may not be a desired candidate. However, it is crucial

o define suitable levels of competence that are not based on the

loseness of a given probe (local neighborhood) to other instances

f the target individual. Hence, the properties of e-SVMs can be

xploited to define internal criteria in order to find the most com-

etent ones according to the capturing context. 

. Dynamic individual-specific Ee-SVMs through domain 

daptation 

A novel ensemble learning approach is proposed in this paper

o design accurate classification systems for each target individual

nrolled to a still-to-video FR system. In particular, to improve ro-

ustness to intra-class variations, individual-specific Ee-SVMs mod-

ls the single reference still ROI for the OD using several diverse

-SVMs based on multiple face representations and domain adap-

ation. During enrollment, each patch-wise e-SVM is trained for a

ifferent patch, descriptor and feature subset extracted from the

ingle reference still ROI of the target individual (in the ED) versus

hose extracted from the abundance of still and video ROIs of non-

arget individuals (in either ED and OD). Several training schemes

re proposed for unsupervised DA according to assumptions made

or unlabeled video ROIs from the OD. 

Two different scenarios are investigated for the design phase to

elect the most discriminant among a large number of representa-

ion subspaces (descriptors and feature subsets of a patch) for en-

ollment of target individuals (Ee-SVMs design). In the first design

cenario, a validation set, containing stills and videos of some ran-

om non-target individuals, is exploited with a global criterion to

ffectively adapt the system to the actual context. Thus, the most

ccurate e-SVM classifiers (i.e., discriminative representation sub-

paces) are selected by ranking trained e-SVMs using a criterion

ased on the area under precision-recall curve [57] , where these

ubspaces are used for enrollment of a target individual. In the

econd design scenario, the most informative representation sub-

paces are selected without considering a validation set. A local

istance-based criterion is applied to rank and prune them, where

he best subspaces are selected for enrollment of a target individ-

al. 

Since capture conditions change over time, the best ensemble

o recognize the target individual will vary according to the given

robe ROI. Pre-selection of the most discriminative representation

ubspaces during the design phase, as well as, selecting or weight-
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Fig. 2. The enrollment and operational phases of the proposed multi-classifier system for accurate still-to-video FR. 
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ing the most competent classifiers during the operational phase

can provide a higher level of performance at a lower computa-

tional complexity in such a real-time application, unlike employing

fusion over the entire pool. 

4.1. System overview 

A block diagram of the proposed MCS for still-to-video FR is

shown in Fig. 2 . It generates a diverse and compact pool of clas-

sifiers during the design phase, and selection and weighting en-

sembles dynamically during the operational phase. Each step of the

proposed system is described in the following subsections. 

During the design phase (Enrollment/Design phase), a pool

of diverse e-SVM classifiers is generated per individual of inter-

est. Multiple different facial representations are produced over all

patches for several face descriptors and random subspaces. The pa-

rameters of the proposed system, such as number of patches, num-

ber and size of feature subspaces are defined in this phase. Differ-

ent number of classifiers are trained for each patch based on their

significances on performance using the best subspaces (represen-

tations) that were already ranked. 

During the operational phase, classifiers of the pool are selected

or weighted dynamically according to competence for classifying

the given input probe (ROI), and then their scores are combined

to obtain the final score. The proposed system exploits two lev-

els of information fusion. First, the fusion of subspace-wise classi-

fiers selected during operations from corresponding face descriptor

(patch-level fusion), and then the fusion of patch-wise classifiers

generated by the face descriptors (descriptor-level fusion). 
.2. Design phase (first scenario) 

In this scenario for the design phase, a compact pool of e-SVM

lassifiers is generated using semi-random subspaces pruned based

n the most informative pre-ranked patches. This phase is per-

ormed off-line, and as shown in Fig. 2 (Enrollment/Design phase),

t consists of patch-wise feature extraction, training patch-wise e-

VMs, as well as, ranking patches and pruning subspaces to select

he best subspaces (representations). Note that in this scenario, the

abeled stills and video trajectories correspond to some unknown

ndividuals or actors appearing in the scene, and are used to esti-

ate system parameters and pre-selection of the best subspaces.

hen, the pre-selected subspaces are used to design an Ee-SVMs

or individuals of interest based on a single labeled still. 

The validation set D consists of labeled high-quality stills

nd unlabeled low-quality videos defined as D = { ST l 
1 
, . . . ,

T l 
j 
, . . . , ST l 

N a 
∪ T l 

1 
, . . . , T l 

j 
, . . . , T l 

N a 
∪ T u 

1 
, . . . , T u v , . . . , T 

u 
N v 

} , where ST l 
j 

nd T l 
j 

represent the labeled still and video trajectory of individual

 , respectively, and T u v denotes the unlabeled video trajectory of

nknown person v. N a indicates the number of unknown non-

arget individuals in the validation set, where the number of

ideos is equal to N v . All the stills and videos are segmented and

caled to the resolution of M c x N c . As illustrated in Fig. 2 , all still

OIs of ST l 
j 

and video ROIs of T l 
j 

and T u v are first divided into m c x n c

ixels patches P l 
j 
= { p l 

i 
} and P u v = { p u 

i 
} , where i = [ 1 , 2 , . . . , N p ] and

 p = ( M c / m c ) × ( N c / n c ) is the total number of patches. Afterwards,

eature extraction techniques (face descriptors) F D = { f k } are ap-

lied to extract feature sets F l 
j 

= { a l 
i,k 

} and F u v = { a u 
i,k 

} from patch
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Fig. 3 (e)). 
 i , for k = 1 , 2 , . . . , N f d and N fd is the number of face descriptors.

hus, a i, k defines the descriptor f k extracted from patch p i . Then,

ifferent random subspaces RS = { s r } with the dimension N d are

andomly selected from F l 
j 

and F u v to generate random subspaces

 

l 
j 
= { a l 

i,k,r 
} and R u v = { a u 

i,k,r 
} , for r = 1 , 2 , . . . , N rs , and N rs is the

otal number of random subspaces. Hence, a i, k, r denotes the

eature subspaces s r randomly selected from a i, k . 

To construct a compact pool of classifiers P c = { E j| 1 ≤ j ≤ N a } ,
nsemble of e-SVM classifiers E j = { C l | 1 ≤ l ≤ N P · N f d · N rs } are

rained to enroll a target individual j . The number of random

ubspaces RP s, j = { s r | 1 ≤ r ≤ N 

′ 
rs } is determined based on the sig-

ificance of patches RA p, j and their rankings RA s, j to train ac-

urate classifiers c i, k, r (See Algorithm 3 ). However, all the sub-

paces RS = { s r } are employed to construct a generic pool of classi-

ers P g = { E j| 1 ≤ j ≤ N a } , where E j = { C l | l = 1 , 2 , . . . , N P · N f d · N rs }
s formalized in Algorithm 1 . 

lgorithm 1 Generic pool generation. 

1: Input: Validation set D = { ST l 
1 
, . . . , ST l 

j 
, . . . , ST l 

N a 
∪ T l 

1 
, . . . , T l 

j 
, . . . ,

T l 
N a 

∪ T u 
1 

, . . . , T u v , . . . , T 
u 

N v 
} 

2: Output: Generic pool of e-SVM classifiers P g = { E j| 1 ≤ j ≤ N a } 
3: � Constructing an ensemble of e-SVMs

4: for each individual j in D do 

5: Divide ST l 
j 
, and T u v into patches P l 

j 
and P u v of size m c x n c 

6: for each patch i = 1 ...N p do 

7: for each face descriptor k = 1 ...N f d do 

8: � Patch-wise feature extraction 

9: a i , k ← extract face descriptors f k from patch p i 
10: for each random subspace r = 1 ...N rs do 

11: a i , k , r ← randomly sample subspaces s r from a i , k 
12: � Training patch-wise e-SVM classifiers 

13: E j ← train a classifier c i,k,r 

14: end for 

15: end for 

16: end for 

17: end for 

As formulated in the Algorithm 1 , labeled still ST l 
j 

and unla-

eled video ROIs T u v in the validation set D are employed to train

atch-wise e-SVM classifiers and subsequently, to build a generic

ool of classifier P g = { E j| 1 ≤ j ≤ N a } based on DA using multiple

ace descriptors. To that end, an ensemble of e-SVMs E j is con-

tructed for each individual in D and stored within the generic

ool. 

Semi-random subspaces selected during this phase are utilized

o increase the probability of generating representative facial mod-

ls that are robust to nuisance factors existing in the surveillance

nvironments. However, due to a loss of information in some of

he subspaces, selecting a suitable size of patches and random sub-

paces are essential. The time complexity and accuracy are depen-

ent to these parameters. Smaller rate of random sampling causes

o perform faster, but simultaneously it may miss useful discrim-

nant features subsets. On the other hand, larger rate may also

ause less diversity among classifiers. 

.2.1. Patch-wise feature extraction 

In this paper, the patches in each face are represented using

PQ and HOG descriptors [58,59] , although many other face de-

criptors may be suitable. The choice of face descriptors is based

n the complementary robustness that they provide to the nui-

ance factors in surveillance environments [6] . Previous study sug-

ests that the combination of these descriptors is capable of pro-

iding a high level of discrimination on the SSPP problem [8,25] . 
LPQ extract texture features of the face images from frequency

omain through Fourier transform and has shown high robustness

o motion blur. LPQ is based on the blur insensitive property of the

ourier phase spectrum. The phase is computed in local rectangu-

ar M -by M neighborhoods N x at each pixel position x of the image

 ( x ) using a short-term Fourier transform defined by: 

 ( u , x ) = 

∑ 

y ∈ N x 
f ( x − y ) e − j2 πu T y = w u 

T f x (3) 

here w u is the basis vector of the 2-D discrete Fourier transform

t frequency u , and f x is another vector containing all M 

2 values

f f in N x . It is examined for all positions x ∈ { x 1 , x 2 , . . . , x N } at four

requency points u ∈ { u 1 , . . . , u 4 } that results in a vector F x . The

hase information is obtained using the signs of each component

n the F x by a simple scalar quantizer q j ( x ), where q j ( x ) is the j th

omponent of the Fourier coefficients. Then, the label image f LPQ ( x )

ith blur invariant LPQ values is represented by eight binary co-

fficients q j ( x ) as integer values between 0-255 using the binary

oding f LPQ (x ) = 

∑ 8 
j=1 q j (x ) 2 j−1 . Finally, the histograms of labels

 LPQ ( x ) from different non-overlapping rectangular regions are con-

atenated to build the 256-dimensional LPQ face descriptor. 

On the other hand, HOG extract gradients, and it is more robust

o pose and scale changes, as well as, rotation and translation. In

articular, the occurrences of gradient orientations are counted in

ach local neighborhood of an image. The image is divided into dif-

erent blocks and cells (small connected regions) for a block spac-

ng stride of l pixels. Then a histogram of gradient orientations is

omputed for each cell within the blocks. According to the sign

f gradients, the channels of each histogram can be varied over

 − 180 ◦ or 0 − 360 ◦ for unsigned and signed, respectively with 9

rientation bins. The histograms are normalized using color and

amma correction with L2-Hys threshold for robustness against il-

umination and scale. Finally, the combination of normalized group

f histograms in all cells and blocks represents the HOG face de-

criptor. 

.2.2. Training patch-wise e-SVM classifiers 

In order to learn the individual-specific Ee-SVM for target indi-

idual j based on DA, the 5 training schemes have been considered

y employing either labeled still ROIs ST l 
j 

from the cohort or other

on-target individuals or unlabeled video ROIs T u v captured from

he operational domain. 

1. Scheme 1 (target still ROI vs non-target still ROIs): The sin-

gle labeled target still and non-target still ROIs from cohort

model are employed to train e-SVMs without exploiting unla-

beled video ROIs. Thus, videos in the OD are not employed for

DA (see Fig. 3 (a)). 

2. Scheme 2 (target still ROI vs non-target video ROIs): The sin-

gle labeled target still ROI are considered with an abundance of

unlabeled non-target video ROIs from the OD (see Fig. 3 (b)). 

3. Scheme 3 (target still ROI vs non-target stills and video ROIs):

Labeled non-target still ROIs from the cohort model are consid-

ered in addition to video ROIs from the OD (see Fig. 3 (c)). 

4. Scheme 4 (target still ROI vs unlabeled non-target camera-

specific video ROIs): Unlabeled video ROIs captured using a

specific camera FoV are exploited along with the labeled target

still ROI in order to construct a camera-specific pool. Thus, sev-

eral camera-specific pools equivalent to the number of surveil-

lance cameras are constituted (see Fig. 3 (d)). 

5. Scheme 5 (target still vs non-target stills and camera-specific

video ROIs): Labeled non-target still ROIs with unlabeled

camera-specific video ROIs are considered versus the single tar-

get still ROI in order to build several camera-specific pools (see
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Fig. 3. A 2-D illustration of e-SVM in the feature space trained using different classification schemes according to DA. (a) a target still vs labeled non-target still ROIs of 

ED, (b) a target still vs unlabeled non-target video ROIs of Od, (c) a target still vs labeled non-target still ROIs of Ed and video ROIs of OD, (d) a target still vs unlabeled 

non-target camera-specific video ROIs of Od, and (e) a target still vs labeled non-target still ROIs of Ed and unlabeled non-target camera-Specific video ROIs of Od. 
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To assess the 5 aforementioned training schemes, all the clas-

sifiers in the generic pool are tested to obtain the system per-

formance. However, the best scheme is adopted to learn the

individual-specific Ee-SVMs in the proposed system. To accomplish

DA, unlabeled video ROIs captured from the OD allow to incorpo-

rate the knowledge of operational domain during generation of the

pool. Therefore, an unsupervised DA approach is considered, where

labeled still ROIs from the cohort model and unlabeled video ROIs

captured from the OD are employed to train classifiers in the en-

rollment domain. As illustrated in Fig. 3 (c), this training scheme

favors the transfer of knowledge from either ED or OD to the clas-

sifiers trained specifically for each individual of interest. 

4.2.3. Ranking patch-wise and subspace-wise e-SVMs 

During the design prior to the enrollment, N p · N rs classifiers are

trained for individuals in the validation set according to each face

descriptor f k . Then, these classifiers are combined using the mean

fusion function over the random subspaces s r (patch-level fusion).

Subsequently, N p classifiers are evaluated and ranked RA p, j using

the global system performance based on the area under precision-

recall (AUPR) as formulated in Algorithm 2 . Noted that N rs con-

stant subspaces are selected from each patch, because it is tended

to rank the significance of patches p i based on the information en-

capsulated in each one. 

In addition, to rank the subspaces s r selected randomly from

each patch p i , the N p · N rs classifiers in the P g are combined over
Algorithm 2 Ranking of patch-wise and subspace-wise e-SVMS. 

1: Input: Validation set D and generic pool P g 
2: Output: Ranking of patches RA p, j and subspaces RA s, j 

3: for each individual j in D do 

4: for each face descriptor k = 1 ...N f d do 

5: � Ranking patch-wise classifiers 

6: for each patch i = 1 ...N p do 

7: RA p, j ← { ∅ } 
8: Combine classifiers c i,k over random subspaces s r us- 

ing the mean fusion function 

9: RA p, j ← rank patches p i in descending order of the 

AUPR obtained using c i,k 
10: end for 

11: � Ranking subspace-wise classifiers 

12: for each random subspace r = 1 ...N rs do 

13: RA s, j ← { ∅ } 
14: Combine classifiers c k,r over patches p i using the 

mean fusion function 

15: RA s, j ← rank subspaces s r in descending order of the 

AUPR obtained using c k,r 

16: end for 

17: end for 

18: end for 

A

g

he patches and the corresponding performance is similarly eval-

ated as in Algorithm 2 . Thus, each feature subset is ranked and

ts corresponding classifier retained in RA s, j according to ranking

f patches already preserved in RA p, j . 

These ranking processes allow the pre-selection of e-SVM clas-

ifiers according to the best representations (feature subsets) dur-

ng the design. It allows generating the less number of more ac-

urate classifiers for each patch through patch ranking during the

nrollment of target individuals. 

.2.4. Pruning subspaces-wise e-SVMs 

After ranking patches and subspaces, a pruning process is used

o select a variable numbers of the ranked subspaces from each

atch as shown in Algorithm 3 . A larger the number of subspaces

re selected for the most relevant patches. In order to select differ-

nt number of subspaces for each patch, a criterion is deployed as

ollows according to the overall AUPR performance obtained using

ll the classifiers in the pool c i, k, r and AUPR performance gained

y corresponding all the classifiers of each patch c i, k : 

 

′ 
rs = 

⌈ 

N rs . 
AUP R 

(
c i,k 

)
AUP R 

(
c i,k,r 

)
⌉ 

(4)

here R pruned contains N 

′ 
rs ranked subspaces s r (integer values us-

ng a ceiling function) for each patch p i . It allows to constitute the

ompact pool and accordingly, the dynamic classifier selection can
lgorithm 3 Pruning subspace-wise e-SVMs and compact pool 

eneration. 

1: Input: Validation set D , generic pool P g , ranked patches R p, j , 

ranked subspaces R s, j , and phase phase 

2: Output: Compact pool of e-SVM classifiers P c = { E j| 1 ≤ j ≤ N a } 
3: for each individual of interest j = 1 ...N a do 

4: for each face descriptor k = 1 ...N f d do 

5: if design phase then � Pruning subspace-wise e-SVMs 

6: for each patch i = 1 ...N p in the R patch do 

7: N 

′ 
rs ← 

⌈ 

N rs . 
AUPR ( c i,k ) 

AUPR ( c i,k,r ) 

⌉ 

8: RP s, j ← select N 

′ 
rs subspaces from R s, j for each 

patch p i 
9: end for 

10: end if 

11: if enrollment phase then � Constructing a compact pool 

(enrollment) 

12: for each random subspace r = 1 ...N 

′ 
rs in the RP s, j do 

13: E j ← train c i,k,r to construct a compact pool of 

classifiers 

14: end for 

15: end if 

16: end for 

17: end for 
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Fig. 4. A 2-D illustration of the proposed dynamic classifier selection approach in 

the feature space. 
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e accomplished with the lowest number of classifiers during op-

rations. However, the best subspaces are found during the design

hase and those subspaces are employed to train e-SVMs for each

ndividual in the watch-list during the enrollment phase. 

.3. Design phase (second scenario) 

In this scenario relies on the over-produce and select paradigm,

here a large number of subspaces are generated for each individ-

al of interest during the design phase of the system. Then, e-SVM

lassifiers are trained and the best subspaces are selected during

he enrollment phase. In the proposed system, several feature sub-

paces are randomly produced for each patch, and these subspace

re ranked RA s, j based on a distance-based local criterion to se-

ect the best set of subspaces ( N 

′ 
rs 
 N rs ). They can be employed to

onstruct a compact pool of classifiers as presented in Algorithm 4 .

lgorithm 4 Ranking subspace-wise e-SVMs and compact pool

eneration. 

1: Input: Labeled still ROIs of target individuals

ST l 
1 
, . . . , ST l 

j 
, . . . , ST l 

N a 
and unlabeled video ROIs of non-target

individuals T u 
1 

, . . . , T u v , . . . , T 
u 

N v 
, and phase phase 

2: Output: Compact pool of e-SVM classifiers P c = { E j| 1 ≤ j ≤ N a } 
3: for each individual of interest j = 1 ...N a do 

4: for each patch i = 1 ...N p do 

5: for each face descriptor k = 1 ...N f d do 

6: if phase = design then � Over-producing subspaces

7: for each random subspaces r = 1 ...N rs do 

8: a i , k , r ← randomly sample subspaces s r from a i , k 
9: end for 

10: end if 

11: if phase = enrol l ment then � Training classifiers and

ranking subspace-wise e-SVMs 

12: E j ← train a classifier c i,k,r 

13: RA s, j ← rank subspaces in descending order based

on the dist 
(
ST i , k , r , sv i , k , r 

)
14: � Constructing a compact pool (enrollment)

15: for random subspaces r = 1 ...N 

′ 
rs in the RA s, j do 

16: E j ← preserve c i,k,r to constitute a compact

pool of classifiers 

17: end for 

18: end if 

19: end for 

0: end for 

21: end for 

The proposed ranking criterion is based on distance of the still

OI and the support vectors of e-SVMs dist( ST i, k, r , sv i, k, r ) in the

eature space. It is assumed intuitively that those subspaces used

or training are the most relevant ones, where the corresponding

-SVM classifiers have a larger distance to the target still than oth-

rs. Subspaces are thereby ranked in descending order based on

istance between the target still ST i, k, r and e-SVM support vec-

ors sv i, k, r in the feature space (see Fig. 4 ). N rs set the number of

ver-produced subspaces, and N 

′ 
rs be the number of ranked sub-

paces. 

.4. Operational phase (dynamic classifier selection and weighting) 

An important challenge is to derive accurate measures for clas-

ifier competence in the context of the SSPP problem. The pro-

osed approach allows the still-to-video FR system to select the

lassifiers that are most competent for the capture conditions. A

ew distance-based DS approach is proposed to provide the best

lassifiers to discriminate between the target and non-target ROIs.
n order to dynamically select the most competent classifiers for

he design of a robust ensemble, the proposed internal criteria

levels of competence) per given probe ROI relies on the: (1) dis-

ance from the non-target support vectors ROI patterns, and (2)

loseness to the target still ROI pattern. The key idea is to select

he classifiers that effectively locate the given probe ROI pattern

lose to the target still in the feature space. If the distance between

he probe and the target still ROI pattern is lower than the distance

o support vectors, then those classifiers are selected dynamically

s competent classifiers for the given probe ROI pattern. 

The distance from support vectors can be defined based on the

istance to the closest support vector to the target still. On the

ther hand, the classifiers with support vectors that are far from

he ROI test patterns of individuals of interest can be also suit-

ble candidates, because they may classify probe ROI patterns cor-

ectly. In the proposed DS approach (illustrated in Fig. 4 ), all the

on-target support vectors were sorted based on their distance to

he target still (the target support vector) in an offline processing.

hen, the closest support vector to the target still is used to com-

are with the input probe. 

During operations, each given probe ROI t is projected in the

eature space and those classifiers form the pool that verify the

election criteria (locate the input near the target still and far from

upport vectors) are selected dynamically, and their scores are

ombined using score-level fusion. In contrast to the approaches

hat use local neighborhood accuracy for measuring the level of

ompetence, it is not mandatory in the proposed method to define

eighborhood using all the validation data, like with method based

n, e.g., kNN. Thus, different distance metrics, such as Euclidean,

ityBlock, Hamming, etc., can be employed to measure the dis-

ances between ROI patterns and support vectors. The algorithm of

roposed classifier selection method is formalized in Algorithm 5 . 

As described in the Algorithm 5 , each given input ROI t is first

ivided into patches p i . Then, feature extraction technique f k is ap-

lied on each patch to form a feature vector a i,k per patch. After-

ards, the ranked subspaces stored in the RA s, j are sampled from

 i,k and then a i,k,r is projected into the feature space containing

upport vectors { SV j } of classifiers and the reference still ST i,k,r of

arget individual j . Finally, those classifiers c l in E j that satisfy the

evels of competence criteria (line 13) are selected to constitute C ∗
j 

n order to classify testing sample t . Subsequently, the scores of se-

ected classifiers S i,k,r are combined using mean function to provide
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Algorithm 5 Operational phase with DS. 

1: Input: Pool of e-SVM classifiers E j for individual of interest j, 

the set of support vectors 
{

S V j 
}

per E j 
2: Output: Scores of dynamic ensembles based on a subset of the 

most competent classifiers C ∗
j 

3: for each probe ROI t do 

4: Divide testing ROI t into patches after preprocessing 

5: for each patch i = 1 ...N p do 

6: for each face descriptor k = 1 ...N f d do 

7: a i , k ← extract features f k from patch p i 
8: for each subspace r = 1 ...N rs do 

9: a i , k , r ← sample subspaces s r from RA s, j 

10: C ∗
j 

← { ∅ } 
11: for each classifier c l in C j do 

12: if dist 
(
a i , k , r , ST i , k , r 

)
≤ dist 

(
a i , k , r , sv i , k , r 

)
then 

13: C ∗
j 

← c l ∪ C ∗
j 

14: end if 

15: end for 

16: end for 

17: end for 

18: end for 

19: if C ∗
j 

is empty then 

20: S ∗
j 
← Use mean scores of E j to classify t 

21: else 

22: S ∗
j 
← Use mean scores of C ∗

j 
to classify t 

23: end if 

24: end for 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Algorithm 6 Dynamic classifier weighting strategy. 

1: Compute the distances of the probe with the closest support 

vector of each e-SVM and the target still, then store these dis- 

tances dist ( t, s v ) , and dist ( t, j ) , respectively 

2: Weight the scores of a classifiers s k and create the weighted 

scores s w 

k 
= s k . w k , where the w k is the relative competence of 

the classifier c k on its corresponding weighted scores s w 

k 
esti- 

mated as w k = 

dist ( t,s v ) 2 

dist ( t,s v ) 2 + dist ( t, j ) 2 

3: Use the mean fusion of weighted scores s w 

k 
to obtain the final 

score after score normalization 
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1 http://vipl.ict.ac.cn/resources/datasets/cox- face- dataset/COX- S2V . 
2 http://arma.sourceforge.net/chokepoint/ . 
final score S ∗
j 
. All the classifiers in E j are combined to classify ROI

t when none of classifier fulfill the competence criteria. 

In the proposed system, the ground-truth tracks are also ex-

ploited allowing to accomplish a robust spatio-temporal recogni-

tion. To that end, ROI captures for different individuals are re-

grouped through facial trajectories. In particular, decision fusion

module accumulates the scores S ∗
j 

of each individual-specific en-

semble over a fixed size window W to make a decision d ∗
j 

as fol-

lows: 

d ∗j = 

W −1 ∑ 

w =0 

S ∗j 
[
S i,k,r ( W −w ) 

]
∈ [ 0 , W ] (5)

Dynamic weighting of e-SVMs is suitable for rapid adaptation

of individual-specific ensembles to tackle the variations within the

operational domains. In this case, a distance-based combination

strategy is also proposed to dynamically weight the scores of e-

SVMs, where it relies on the distance of the probe instance to the

support vectors of each classifier, as well as, to the target reference

still in the feature space. This approach aims to reduce the effect of

non-competent classifiers when their support vectors are closer to

the given probe than the target still. Higher weights are assigned

to the scores of classifiers with larger distance to the probe with

respect to closeness to the single target still, and vice versa. Hence,

each probe ROI pattern is compared to that of the single target

still, and to that of the support vector of each classifier. If distance

with the target still is closer than the closest support vector, then

those classifiers are attributed higher weights. The proposed DW

strategy is formalized in Algorithm 6 . 

5. Experimental methodology 

Several aspects of the proposed system are assessed experimen-

tally using real-world video surveillance data. First, different e-SVM

training schemes are compared for the individual-specific ensem-

bles. Second, different pool generation scenarios are evaluated in
erms of accuracy and time complexity. Finally, the impact of ap-

lying DS and DW are analyzed on the performance. 

.1. Video data 

To evaluate performance, two publicly-available still-to-video

atasets called COX-S2V 

1 [19] and Chokepoint 2 [20] are employed.

OX-S2V contains high-quality still images and low-quality video

equences of 10 0 0 subjects. A digital camera is utilized to capture

he frontal face images of subjects under controlled conditions,

hile the video cameras capture videos of subjects in uncontrolled

onditions using two different off-the-shelf camcorders. In these

ideos, subjects walking through a designed-S curve with changes

n illumination, expression, scale, viewpoint, and blur. Thus, four

ideo sequences are recorded per subject simulating video surveil-

ance scenario. An example of one subject is demonstrated in

ig. 5 , showing the differences between ROIs captured in the ED

nd OD. This is also challenging, because there are only about 25

acial captures for each sequence. 

Another publicly available dataset that can be used to vali-

ate the proposed system is Chokepoint. It consists of high-quality

aces captured with a still camera, and videos captured with three

ideo cameras under controlled and uncontrolled conditions, re-

pectively. During four sessions, 29 subjects walk through different

ortals, and videos were recorded using an array of three cameras

ocated above the portals. 

.2. Experimental protocol 

In experiments on COX-S2V, the high-quality stills for N wl = 20

ndividuals are randomly chosen to populate the watch-list, as well

s, N wl = 10 for evaluation of different training schemes. In addi-

ion, N ntd video sequences of non-target persons from the OD are

elected as calibration videos for the design phase. Moreover, N ntu 

ideo sequences of unknown persons are considered for the oper-

tional phase. Hence, different subsets of COX-S2V are separated

s demonstrated in Fig. 6 according to design scenarios, validation,

nd operational phases of the proposed system. Validation set D

s required in the first design scenario is separated to define the

ystem parameters containing N a = 20 stills and videos of some

andom individuals along with N ntd = 100 (to calibrate for cam-

ras and scores) and N ntu = 100 testing videos of other unknown

ersons for the design and operational phases, respectively. Design

et to create facial models (generating a pool of classifiers) includ-

ng high-quality stills of watch-list individuals N wl = 20 and low-

uality calibration videos of non-target persons N ntu = 100 . Opera-

ional set (test set) to assess the system performance that consists

f N ntu videos belonging to another set of unknown persons, as

ell as, videos of a target individual. During operations, one target

http://vipl.ict.ac.cn/resources/datasets/cox-face-dataset/COX-S2V
http://arma.sourceforge.net/chokepoint/
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Fig. 5. An example of a still image belonging to one subject and corresponding four video sequences in the COX-S2V. 

Fig. 6. The separation of COX-S2V dataset for validation, design, and operational 

phases of the proposed system. 
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ndividual is considered at a time along with non-targets in the op-

rational scene. In order to achieve statistically significant results,

hese experiments are replicated 5 times with considering different

tills and videos of individuals of interest as watch-list persons. 

In experiments on Chokepoint, stills of N wl = 5 individuals of

nterest are considered to constitute the watch-list. Videos of

 ntd = 10 unknown persons are used as calibration videos to con-

truct a pool of e-SVM classifiers, and videos of N ntu = 10 other

on-target individuals are associated for the operations along with

ideos of watch-list individuals. 

The facial ROIs appearing in reference stills and video frames

ere isolated in the COX-S2V and Chokepoint using the viola-Jones

ace detection. The reference stills and video ROIs are all con-

erted to grayscale and scaled to a common size of 4 8x4 8 pixels

or computational efficiency [23] . Histogram equalization is used

o enhance contrast, as well as, to eliminate the effect of illumina-

ion changes. Then, an uniform non-overlapping patch configura-

ions is applied to divide each ROI into 9 blocks of 16x16 pixels as

n [8,46] . HOG and LPQ feature extraction techniques are utilized

o extract discriminating features with the dimensions of 192 and

56, respectively. For HOG face descriptor, 3x3 pixel cells are con-

idered with unsigned gradients, spacing stride of l = 2 , and the

efault value of L2-Hys threshold. In addition, numbers and di-

ensions of feature subspaces are shown in Fig. 7 . Libsvm library

60] is used in order to train e-SVMs, where the same regulariza-

ion parameters C = 1 and C = 0 . 01 are considered for all exem-
1 2 
lars ( w of a target sample is 100 times greater than non-targets)

8] . Random subspace sampling with replacement is also employed

o generate different subspaces randomly from feature space. 

Ensemble of template matchers (TMs) and e-SVMs using multi-

le face representations [6,8] , specialized kNN adapted for video

urveillance (VSkNN) [5] , sparse variation dictionary learning

SVDL) [61] , and ESRC-DA [31] are considered as the base-line and

tate-of-the-art FR systems to validate the proposed system. In

NN experiment, PCA is applied for ROIs [62] are employed to

ompute the VSkNN using k = 3 (1 target still from the cohort

odel along with 2 nearest non-target video ROIs). To that end,

istances of the probe ROI t are calculated from the target still ST j ,

s well as, two nearest non-target T 1 and T 2 from the calibration

ideos. Thus, VSkNN score ( S VSkNN ) is obtained as follows [5] : 

 V SkNN = 

dist (t, ST j ) 

dist (t, ST j ) + dist (t, T 1 ) + dist (t, T 2 ) 
(6) 

here dist( t, ST j ) is the distance of the probe face t from the tar-

et still ST j , dist( t, T 1 ) and dist( t, T 2 ) are the distances of the given

robe t from the two nearest non-target captures, respectively. 

In SVDL experiment, high-quality stills belonging to the indi-

iduals of interest are considered as a gallery set and low-quality

ideos of non-target individuals are employed as a generic train-

ng set to learn a sparse variation dictionary. Three regularization

arameters λ1 , λ2 , and λ3 set to 0.001, 0.01, and 0.0 0 01, respec-

ively, and also the dimensionality of faces is reduced to 90 using

CA according to the default values defined in [61] . The number

f dictionary atoms are initialized to 100 based on the number of

tills in the gallery set, where it is a trade-off between the compu-

ational complexity and the level of sparsity. 

.3. Performance metrics 

The performance of still-to-video FR systems are typically as-

essed at the transaction-level to evaluate matching of Ee-SVMs for

ach ROI pattern (target versus non-target). Transaction-level anal-

sis can be shown in the receiver operating characteristic (ROC)

urves, in which true positive rates (TPRs) are plotted as a func-

ion of false positive rates (FPRs) over all threshold values. The

roportion of target ROIs that correctly classified as individuals of
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interest over the total number of target ROIs in the sequence is

considered as TPR. Meanwhile, FPR is the proportion of non-target

ROIs incorrectly classified as individuals of interest over the total

number of non-target ROIs. In a ROC space, a global scalar metric

of the detection performance is the area under ROC curve (AUC),

which can be interpreted as the probability of classification over

the range of TPR and FPR. In other words, the AUC indicates cor-

rect ranking of positive-negative pairs in terms of class separation.

For instance, AUC = 100% shows an accurate discrimination among

samples, where all positive are perfectly ranked higher than nega-

tives. 

In still-to-video FR system scenario, class priors of targets and

non-targets may vary over time in each sequence. However, con-

ventional ROC curves and AUC allow for evaluating the perfor-

mance that is independent of mis-classification costs and class

priors between classifiers. Thus, the precision-recall space can be

employed in order to estimate the performance of the system at

transaction-level, where it can characterize performance as the

fraction of the correctly detected target ROIs against the total num-

ber of ROIs predicted belonging to an individual of interest. It is

suitable to measure the system performance under highly imbal-

anced data situation during operations. Recall can be corresponded

as TPR and precision (P) is computed as follows P = TP / ( TP + FP ) . 

In transaction-level analysis, performance of the watch-list

screening system is provided using partial AUC (pAUC) and area

under precision-recall (AUPR). Thus, pAUC(20%) is calculated using

the AUC at 0 < FPR ≤ 20% in the ROC curve. The AUPR is desir-

able to illustrate the global accuracy of the system in the skewed

imbalanced data circumstances. Experiments are iterated for each

individual of interest in the watch-list for all video sequences, and

then the average values are reported along with standard errors. 

Moreover, the ground-truth track is employed to gradually

group the captured ROIs over consecutive frames to create a tra-

jectory due to trajectory-level analysis. To that end, captured ROIs

of each individual in the operational scene are processed sepa-

rately and the spatio-temporal fusion module accumulates ensem-

ble scores over a window of fixed size to obtain the highest value

inside the window in order to plot a ROC curve. Then the entire

AUC is reported as a trajectory-level performance. 

There exist several measures to estimate the ensemble diver-

sity, that are computed based on classifier predictions (correct or

incorrect for the class label) of base classifiers [36] . To assess the

diversity of the proposed individual-specific ensembles, kappa ( k )

is calculated as a widely used diversity measure that is related to

Kohavi–Wolpert variance and disagreement measures. The value of

k ranges from −1 to 1, where its lower values show greater diver-

sity. The positive values indicate that the classifiers tend to classify

the same object correctly, whereas the negative values correspond

to negative correlation [41] . 

5.4. Computational complexity 

In practical video surveillance applications, FR systems must be

computationally efficient, and scale well to a growing number of

cameras, watch-list individuals, and clutter in the scene. The gen-

eration of e-SVM classifiers comprised of training e-SVMs, rank-

ing patches and subspaces, as well as, pruning the e-SVMs were

performed off-line. Since e-SVMs trained for different patches, de-

scriptors, and random subspaces are generated and ranked inde-

pendently from one another, they can be processed in parallel.

Computational complexity of the proposed system is therefore rel-

evant to the operational phase, and affected by the feature extrac-

tion techniques, classification process, and dynamic selection and

weighting of each input ROI probe with the size of n x n . 

Extraction of face descriptors using HOG and LPQ is related

to their transformation functions, where their complexities are
 ( n ) and O ( nlogn ), respectively [58,59] . Classification has been per-

ormed using e-SVM which employs a linear SVM kernel function

sing a dot product with the complexity of O ( N d · N sv ) [60] , where

 d and N sv are the average dimensionality of the face descriptors

nd the average number of support vectors, respectively. Finally,

ynamic selection and weighting is based on Cityblock distance

hich is a linear distance metric, therefore, this process requires

 ( N d · N c · N sv ) computations, where N c is the total number of

lassifiers in the pool. 

Memory complexity of the proposed system mainly depends on

he number of watch-list persons N wl and size of the pool. Thus,

omplexity of the pool (number of classifiers N c ) for each individ-

al of interest can be considered as O ( N p · N fd · N rs ), where N p is

he number of patches, N fd and N rs are the number of face descrip-

ors and the average number of random subspaces, respectively.

ence, the overall memory complexity can be computed as O ( N wl 

N p · N fd · N rs · N d ). More specifically, the worst case of compu-

ational complexity of the proposed individual-specific Ee-SVMs in

he operational mode to process an input ROI pattern can be for-

ulated as N p · N fd · N rs · N sv · N d according to the dot products

equired by each e-SVM classifier. 

. Results and discussion 

.1. Number and size of feature subspaces 

The critical parameters of the proposed system need to be de-

ned precisely to select the best values using the generic pool. The

mpact of different numbers and dimensions of feature subspaces

re statistically analyzed for each face descriptors extracted from

ach patch using a validation set during the design phase. In this

nalysis, different numbers of subspaces ( N rs ) are considered w.r.t.

ifferent proportions of feature dimensions ( N d ). In this section,

xperiments were conducted with a generic pool that uses RSM to

enerate individual-specific Ee-SVMs combined through score av-

raging based on the third training scheme. The transaction-level

nalysis (pAUC(20%) and AUPR with standard errors) of different

umbers and dimensions of subspaces for HOG and LPQ are de-

icted in Fig. 7 . 

Fig. 7 (a) implies that performance obtained using 20% of fea-

ures is slightly higher than other dimensions in term of both

AUC(20%) and AUPR for HOG descriptor. Results suggest that it is

etter to select the 20% of original feature space as a dimensions

f HOG descriptor (39 features). In addition, 20 random subspaces

s the number of subspaces achieves the highest performance. 

As shown in Fig. 7 (b), 40% of the LPQ descriptor can be a

uitable value as dimension of LPQ subspaces. Moreover, the best

umber of subspaces can be defined as 20 subspaces. It can be

een that performance of the system is not greatly affected by

he numbers and dimensions of feature subspaces, where either

AUC(20%) or AUPR first raise and then stabilize. This suggests that

ncreasing the number of subspaces may transfer more diversity

mong classifiers in the pool, but it cannot improve the accuracy.

oted that, performance is stabilized for the values higher than 20

ubspaces. Hence, it can be concluded that the proposed system is

ot highly sensitive to the number of subspaces (see Fig. 7 (a)). 

Another experiment that was performed prior to design is to

ank patches using the validation set D . The sensitivity analysis on

he performance of using each patch separately in order to rank

hem based on their importance is illustrated in Fig. 8 . 

As shown in Fig. 8 , each patch performs differently from other

atches for each descriptor. Selecting a different number of semi-

andom subspaces from each patch based on its importance for

verall performance therefore can lead to a robust system. 
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Fig. 7. The impact of different numbers and size of feature subspaces on performance of using HOG and LPQ face descriptor. 

Fig. 8. The analysis of system performance based on each patch over COX-S2V. 
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Fig. 9. Average pAUC(20%) and AUPR transaction-level performance of different training schemes at with COX-S2V. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 10. Training schemes by significant differences according to the post-hoc Ne- 

menyi test over COX-S2V. 
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6.2. Training schemes 

Fig. 9 presents the average transaction-level performance of us-

ing the generic pool for different training schemes as described in

Section 4.2.2 over each video of COX-S2V. Results were produced

using a generic pool of 360 e-SVMs (9 patches × 2 descriptors ×
20 subspaces) per each target individual. 

Results in Fig. 9 indicate that training schemes 2, 3, 4, and 5

greatly outperform scheme 1, due to DA using knowledge trans-

ferred from all of the surveillance cameras in the target domain.

The results also suggest that exploiting a few non-target stills from

the source domain during training e-SVMs in the third scheme can

provide slight improvements, especially in AUPR values according

to video1, video2, and video4 comparing to the second scheme [8] .

Knowledge of the ED is therefore incorporated in the third scheme

due to combination of feature representations across domains us-

ing a mixture of labeled still ROIs from the ED and unlabeled cali-

bration videos from the OD [12] . 

Camera-specific training schemes 4 and 5 provide higher per-

formance in comparison to scheme 1, where they also exploit

knowledge of the operational domain. However, they are also out-

performed by schemes 2 and 3 in terms of both accuracy and

complexity, because videos from all of the cameras are consid-

ered in schemes 2 and 3 to generate a general pool, while several

camera-specific pools must be generated in the schemes 4 and 5

using videos of each specific camera. Meanwhile, scheme 4 per-

forms slightly better than scheme 5, because all of the video ROIs

captured from a specific camera FoV have the same pose and an-

gle, while adding frontal stills with significant differences in data

distributions may subsequently degrade the training performance.

Noted that only the classifiers from pool #1 trained using cam-

era #1 is employed to classify the probe captured using camera #1

during operational phase. 

Therefore, other experiments on the proposed system are ac-

complished using the third training scheme. Since the characteris-

tics of capturing devices are different, it has a significant impact

on the system performance according to each video. The differ-

ences between pAUC(20%) and AUPR observed in Fig. 9 reveal that

the large number of e-SVMs classify the non-target ROIs as non-

targets, but only some of them classify the target ROIs correctly.

Therefore, the FPR values are very low in the all cases. 

Another test that can be also used in order to assess the perfor-

mance of the training schemes is the Friedman test with a post-

hoc test, where it is basically incorporated to find a significance

difference between several methods according to their ranks aver-

aged across datasets. The Friedman test is typically followed by a

post-hoc test, such as Nemenyi test to indicate whether the differ-

ence in ranks is above a critical distance (CD) [63] . Fig. 10 shows

t  
he results of Nemenyi’s post-hoc test, where the schemes linked

y colored lines are not significantly different by the test for a sig-

ificance level of ρ = 0067 . 

Fig. 10 demonstrates with a more visual insight as differences of

he training schemes, where the lowest average rank is associated

o the worst training scheme and vice versa. According to this test,

chemes that exploit DA are significantly different than scheme

1, meaning that training through DA provides significantly higher

erformance than the training without considering DA. 

.3. Number of training and testing stills and trajectories 

The impact of employing different number of non-target videos

rom the background model (videos of non-target persons), as well

s, different number of non-target stills from the cohort model

stills of non-target persons) on the performance is illustrated in

ig. 11 . In this regard, the third training scheme is employed con-

idering the first N wl = 10 persons of COX-S2V as watch-list indi-

iduals. The number of low-quality videos of non-target persons

 ntd considered for training during the design phase is varied from

0 to 100 according to the number of non-target stills belonging to

ther persons in the cohort. 

As shown in Fig. 11 , growing the number of non-target persons

articipating in the design phase can slightly improve the perfor-

ance. Since it may be costly and impractical to employ plenty

f training data in the real-world application, the proposed sys-

em provides convincing results even with limited non-target video

ata. Thus, knowledge of the target domain can be appropriately

ransferred by considering the limited number of non-target video

ata. 

Fig. 11 also demonstrates that growing the number of high-

uality non-target stills during training degrades the performance

ignificantly. Since these still ROIs are close to the still of the tar-

et individual, most of the support vectors are selected from them

nd subsequently, these classifiers could not successfully classify

he low-quality input probes. Hence, the larger the number of non-

arget stills, the higher the number of inappropriate support vec-
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Fig. 11. The analysis of system performance using different number of training non-target persons over COX-S2V. 

Fig. 12. The analysis of Ee-SVMs performance using different number of watch-list persons during operations over COX-S2V. 

Fig. 13. The analysis of system performance using different number of unknown persons during operations over COX-S2V. 
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ors, and therefore the capability of classifiers reduces to classify

he given probe as if employing a lower number of non-target

tills. Nevertheless, employing the lower number of stills from the

ohort along with videos of non-target persons provides higher

lassification performance as shown in Fig. 9 . 

To analyze the performance considering different number of

atch-list individuals enrolled to the system, N wl is varied from

 to 20 as illustrated in Fig. 12 . 

Fig. 12 shows that enlarging the list of watch-list persons does

ot have a significant impact on the system performance. Since

he proposed system is comprised of individual-specific ensembles,

nd each one seeks to detect one watch-list individual at a time,

here should not be significant differences in increasing the num-

er of watch-list persons. 

The impact of considering different number of non-target

ideos of unknown persons from the test set on performance is
isplayed in Fig. 13 . In this regard, the number of unknown per-

ons N ntu appearing in the surveillance environment along with the

arget person during the operational phase is altered to see its in-

uence on the system performance. 

As illustrated in Fig. 13 , the number of unknown persons par-

icipating in the operational phase is varied from 20 to 300 per-

ons. Since the FP values for each threshold in the ROC and in-

erted precision-recall curves increase slower than the total num-

er of negatives, then the FPR values decrease slightly and it subse-

uently leads to a higher values of area under ROC and precision-

ecall curves. It can be concluded that the proposed system can

erform well even with severely imbalanced data according to ob-

ervation of many unknown persons during operations. 

To obtain the transaction-level performance of the proposed

ystem using pAUC, values of FPR are varied from 5% to 100% as

emonstrated in Fig. 14 . 
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Fig. 14. The analysis of system performance using different number of unknown persons during operations over COX-S2V. 

Table 1 

Average pAUC(20%) and AUPR performance of the system with generic pool and different design scenarios at transaction-level over COX-S2V. 

Systems Video 1 Video 2 Video 3 Video 4 Complexity 

pAUC AUPR pAUC AUPR pAUC AUPR pAUC AUPR (# dot products) 

Generic pool 99.19 ± 0.44 93.18 ± 0.88 99.43 ± 0.16 91.39 ± 0.82 92.01 ± 1.11 70.95 ± 2.20 96.08 ± 1.09 84.89 ± 2.08 460,080 

Scenario 1 99.97 ± 0.03 94.86 ± 0.18 99.40 ± 0.22 92.60 ± 0.78 97.77 ± 0.52 87.23 ± 1.13 93.12 ± 0.90 81.18 ± 0.87 127,800 

Scenario 2 99.08 ± 0.40 92.64 ± 0.69 99.32 ± 0.17 90.44 ± 1.01 91.02 ± 1.28 68.54 ± 2.36 96.21 ± 1.02 84.37 ± 2.11 230,040 

Table 2 

Average pAUC(20%) and AUPR performance of the system with generic pool and different design scenarios at transaction-level over Chokepoint. 

Systems Session 1 Session 2 Session 3 Session 4 Complexity 

pAUC AUPR pAUC AUPR pAUC AUPR pAUC AUPR (# dot products) 

Generic pool 97.67 ± 0.92 96.63 ± 1.21 96.93 ± 1.43 95.33 ± 2.21 100 ± 0.00 99.64 ± 0.07 75.33 ± 6.04 71.85 ± 6.66 460,080 

Scenario 1 99.74 ± 0.12 99.25 ± 0.25 99.99 ± 0.01 99.81 ± 0.01 100 ± 0.00 99.74 ± 0.05 91.81 ± 0.92 90.56 ± 1.16 127,800 

Scenario 2 98.81 ± 0.49 98.15 ± 0.56 98.07 ± 0.82 96.89 ± 1.36 100 ± 0.00 99.74 ± 0.08 77.00 ± 5.59 73.52 ± 6.37 230,040 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

c  

n  

o  

c  

4  

R  

n  

t  

e

 

s  

d  

a  

e  

d

 

o  

s  

r  

i  

f  

l  

d  

t

 

e  

2

0  

e

6

 

a  
As shown in Fig. 14 , increasing the FPR thresholds can slightly

achieve higher AUC, while the real-world watch-list screening sys-

tems must perform on a certain operating point that has been con-

sidered as FPR = 20% in this paper. Thus, the rate of false positives

must be limited by considering an appropriate operating point

w.r.t. the application. 

6.4. Design scenarios 

Performance of the proposed system in terms of considering

different design scenarios is presented in Tables 1 and 2 using the

third training scheme over videos of COX-S2V and Chokepoint, re-

spectively. 

The results in Table 1 indicate that generating a compact pool

of classifiers based on the first design scenario can yield higher

performance, where the baseline performance is obtained us-

ing the generic pool. Hence, pre-selection of e-SVMs by ranking

patches and subspaces achieves better performance with a lower

computational complexity. Moreover, system with a compact pool

generated according to the second design scenario cannot improve

the performance effectively, since no priori knowledge is taken into

account and all system choices are performed during the enroll-

ment phase. Consequently, generating a compact pool according to

the first design scenario using the criteria based on overall AUPR

through a validation set is more accurate and efficient. 

Table 2 also confirms that the results obtained with the first de-

sign scenario are higher than generic pool and compact pool gen-

erated according to the second design scenario among all the ses-

sions. On the other hand, performance of the system with the sec-

ond design scenario is slightly better than the baseline using the

generic pool. 

It is worth pointing out that, the number of classifiers in the

generic pool for each individual of interest is 360 (9 · 2 · 20), while

each target individual has about 100 and 180 classifiers in the
ompact pool of first and second scenarios. Meanwhile, the average

umber of support vectors for each classifier and the dimension

f each feature vector are 18 and 71, respectively. Thus, the time

omplexity as described in Section 5.4 for generic pool is about

60,080 (360 · 18 · 71) dot products for processing a given probe

OI, while the compact pool based on the first and second sce-

arios requires around 127,800 and 230,040 computations, respec-

ively. Hence, the proposed system based on the first scenario is

ffective in terms of either accuracy or computational complexity. 

Furthermore, the impact of different numbers of ranked sub-

paces in the system with a pool generated based on the second

esign scenario is shown in Fig. 15 . In this scenario, over-produce

nd select paradigm is considered, where 50 subspaces are gen-

rated for each patch and then they are ranked using the local

istance-based criteria (see Section 4.3 ). 

As shown in Fig. 15 , both systems perform equally in terms

f pAUC(20%) values, while the system designed with the second

cenario outperforms the generic pool specifically for the first 10

anked subspaces. Moreover, the pAUC performance is stable start-

ng from N 

′ 
rs = 10 subspaces. The system with the generic pool per-

orms better in terms of AUPR values. It can be concluded that the

ocal criteria exploited to select the best subspaces in the second

esign scenario cannot be a desired metric consistently in contrast

o the global criteria utilized in the first design scenario. 

The diversity among classifiers within each individual-specific

nsemble is computed using kappa ( k ) diversity measure for N wl =
0 individuals with 5 replications. The value of k is 0.0065 ±
.0 0 05, where it can be concluded that the classifiers within the

nsembles are relatively diverse. 

.5. Dynamic selection and weighting 

The performance of applying dynamic selection and weighting

pproaches on the proposed system with generic pool, the first
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Fig. 15. The analysis of system performance using different numbers of ranked subspaces based on the second design scenario of compact pool generation over COX-S2V. 

Table 3 

Average pAUC(20%) and AUPR performance at transaction- and trajectory-level after applying dynamic selection and weighting on the system with generic pool and 

different design scenarios over COX-S2V. 

Systems Transaction-level Trajectory-level Complexity 

pAUC AUPR AUC (# dot products) 

Generic pool 96.68 ± 0.70 85.10 ± 1.49 99.72 ± 0.05 (9 · 2 · 20 · 18 · 71) = 460,080 

Generic pool with DS 98.21 ± 0.45 86.40 ± 1.17 99.93 ± 0.04 (9 · 2 · 20 · 18 · 71) + (9 · 2 · 20 · 2 · 71) = 511,200 

Generic pool with DW 97.52 ± 0.59 87.27 ± 1.38 99.91 ± 0.04 (9 · 2 · 20 · 18 · 71) + (9 · 2 · 20 · 2 · 71) = 511,200 

Generic pool with DS and DW 96.89 ± 0.64 85.39 ± 1.47 99.90 ± 0.05 (9 · 2 · 20 · 18 · 71) + 2 · (9 · 2 · 20 · 2 · 71) = 562,320 

Scenario 1 with DS 93.47 ± 0.76 77.32 ± 1.66 99.52 ± 0.14 (100 · 18 · 71) + (100 · 2 · 71) = 142,000 

Scenario 1 with DW 98.11 ± 0.49 88.60 ± 1.24 99.93 ± 0.05 (100 · 18 · 71) + (100 · 2 · 71) = 142,000 

Scenario 1 with DS and DW 95.60 ± 0.72 84.08 ± 1.39 99.77 ± 0.10 (100 · 18 · 71) + 2 · (100 · 2 · 71) = 156,200 

Scenario 2 with DS 98.02 ± 0.47 86.14 ± 1.25 99.87 ± 0.07 (9 · 2 · 10 · 18 · 71) + (9 · 2 · 10 · 2 · 71) = 255,600 

Scenario 2 with DW 97.38 ± 0.82 87.36 ± 1.84 99.89 ± 0.05 (9 · 2 · 10 · 18 · 71) + (9 · 2 · 10 · 2 · 71) = 255,600 

Scenario 2 with DS and DW 96.37 ± 0.98 85.12 ± 1.88 99.76 ± 0.08 (9 · 2 · 10 · 18 · 71) + 2 · (9 · 2 · 10 · 2 · 71) = 281,160 
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esign scenario (compact pool), and the second design scenario

re demonstrated in Table 3 using the third training scheme at

ransaction- and trajectory-level along with the time complexity. 

Table 3 indicates that applying proposed DS method can im-

rove the performance in contrast to combining all of classifiers in

he system with generic pool and the second design scenario. It

mplies that combining a subset of competent classifiers leads to

 system with higher accuracy. In addition, the proposed DW ap-

roach performs better in comparison with DS in terms of AUPR,

here only two distances (distance to the target still and dis-

ance to the closest non-target support vector) are measured in

he both selection and weighting strategies. Moreover, applying the

roposed DW approach on the scores of classifiers selected dynam-

cally cannot achieve a better performance, due to elimination of

lassifiers. 

As observed in Table 3 , DW can also magnify performance of

he system with the first design scenario slightly, while applying

he dynamic selection approach deteriorates its performance. Since

 pre-selection scenario was already applied to the compact pool,

pplying DS can diminish the ensemble diversity. It can be con-

luded that using the compact pool and weighting the classifiers

ynamically achieves the highest level of performance considering

he AUPR values. 

The trajectory-level performance of the proposed systems with

S and DW are also presented in Table 3 as the result of

patio-temporal FR. Thus, scores of individual-specific ensembles

re gradually accumulated over a window of W = 10 consecutive

rames using a trajectory defined by the tracker. To assess the over-

ll performance, the corresponding ROC curve can be then plotted

or each individual of interest by varying the thresholds from 0 to
0 (size of the window) over the accumulated scores, and the AUC

re computed as overall performance. 

As shown in Table 3 , spatio-temporal recognition applied on the

roposed systems leads to a near perfect face screening system.

n example of accumulated scores over the generated trajectory

s shown in Fig. 16 using the systems with the best AUPR values.

ideo1 of COX-S2V is thus employed in this example, where in-

ividual ID#001 is considered as the watch-list target individual

long with N ntu = 100 unknown non-target individuals. 

As shown in Fig. 16 , the accumulated scores for target individ-

al (ID#001) is significantly higher than all non-targets individuals.

t can be observed that the accumulated scores of some non-target

ndividuals are high, due to appearance similarity to the target in-

ividual. The proposed system based on the first scenario with DW

erforms more reliable in trajectory-level, where it provides higher

ccumulated scores for the target, and simultaneously lower accu-

ulated scores for non-target individuals. 

Table 4 presents the complexity in terms of the number of dot

roducts required during operations to process a probe ROI. The

roposed selection and weighting approaches are desirable for the

creening application in terms of operational time complexity. On

he other hand, the distance measures can influence on the com-

utational time based on their complexity. However, the CityBlock

istance measure can be a suitable candidate due to its efficiency

nd linear computability. For example, the proposed system with

W over COX-S2V data needs 9 · 2 · 20 · 18 · 71 dot products for fu-

ion in the worst case, where all of the classifiers are dynamically

elected, and 9 · 2 · 20 · 2 · 71 for selection. It is worth pointing

ut that the average number of support vectors N sv (the fourth el-

ment in the complexity formulation) for COX-S2V and Chokepoint
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Fig. 16. An example of the scores accumulated over windows of 10 frames over video1 of COX-S2V. 

Table 4 

Average pAUC(20%) and AUPR performance and time complexity of the proposed system at transaction-level over COX-S2V and Chokepoint videos against the state-of-the- 

art systems. 

Systems COX-S2V Chokepoint 

pAUC AUPR Complexity pAUC AUPR Complexity 

VSkNN [5] 56.80 ± 4.02 26.68 ± 3.58 671,744 19.00 ± 0.40 16.48 ± 0.90 671.744 

SVDL [61] 69.93 ± 5.67 44.09 ± 6.29 810,0 0 0 74.91 ± 4.03 65.09 ± 4.82 810,0 0 0 

ESRC-DA [31] 99.00 ± 1.13 63.21 ± 4.56 228,614,400 97.16 ± 1.28 76.97 ± 6.73 432,224,100 

Ensemble of TMs [6] 84.00 ± 0.86 73.36 ± 9.82 1,387,200 85.60 ± 1.04 82.78 ± 7.06 1,387,200 

Ensemble of e-SVMs [8] 99.02 ± 0.15 88.03 ± 0.85 2,281,472 100 ± 0.00 99.24 ± 0.38 2,235,392 

Scenario 1 with DW 98.11 ± 0.49 88.60 ± 1.24 142,200 97.52 ± 0.50 96.86 ± 0.72 113,600 

Scenario 2 with DW 97.38 ± 0.82 87.36 ± 1.84 255,600 93.36 ± 1.97 91.79 ± 2.45 204,480 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 17. State-of-the-art systems by rank and significant differences according to the 

post-hoc Nemenyi test over COX-S2V. 
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data are not the same (18 and 14 support vectors, respectively), so

that the computational complexity over these datasets is different.

Results are compared with the state-of-the-art and baseline

systems in Table 4 according to the average transaction-level per-

formance over the COX-S2V and Chokepoint data. 

It can be seen from Table 4 that ensemble of e-SVMs signifi-

cantly outperforms ensemble of TMs, VSkNN, SVDL, and ESRC-DA.

Performance of the screening system using VSkNN and SVDL is

poor, mostly because of the notable differences between quality

and appearances of the target face stills in the gallery set and video

faces in the generic training set, as well as, severely data imbalance

of target versus non-target individuals observed during operations.

It is worth noting that both VSkNN and SVDL are more suitable

for close-set FR problems, such as face identification. Since each

faces captured should be assigned to one of the target still in the

gallery, therefore, many false positive occur. Moreover, SVDL can

only apply as a complex global N-class classifier in contrast to the

proposed ensemble of SVMs, due to sparse optimization and classi-

fication during the operational phase. However, sparsity concentra-

tion index [64] is used as a rejection threshold to reject the probes

not appearing in the training. 

The results observed from Table 4 confirm that the proposed

system using the first design scenario along with DW approach

is efficient and can achieve an equivalent performance compar-

ing to Bashbaghi et al. [8] with a significant decrease in compu-

tational complexity. In addition, the system design with the sec-

ond scenario and DW can perform almost equivalent to state-of-

the-art systems performance. However, the systems proposed in

this paper employ two different face descriptors, whereas ensem-

ble of e-SVMs utilizes four different face descriptors along with

PCA with O ( N 

3 
d 
) for feature selection. Meanwhile, ensemble of TMs

and VSkNN employ Euclidean distance with O ( N 

2 
d 
) to calculate the
e  
imilarity among templates, therefore, they need more computa-

ions. 

The proposed system is also validated using Chokepoint dataset,

here the results observed from Table 4 confirm that the proposed

ystem can achieve promising performance compare to state-of-

he-art systems with a significantly lower computational complex-

ty. 

A Friedman test is also conducted on the comparison of the

roposed systems against state-of-the-art and found significant

ith a significance level of ρ-value ρ = 0 . 012 . The results of the

emenyi post-hoc test is shown in Fig. 17 . These systems are

anked in an ascendant order, where the highest average rank is

ssigned to the best system. It indicates that the other four sys-

ems (ranked 1 to 5) are not significantly different, while the pro-

osed system using design scenario 1 with DW is slightly different

han the others and above the critical distance. 

. Conclusion 

In this paper, a robust MCS is proposed for still-to-video FR

hat is specialized for watch-list screening applications, where

ndividual-specific Ee-SVMs are designed to model a single refer-

nce still of target individuals. A novel ensemble-based learning is
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tilized, where multiple random subspaces are generated for dif-

erent face descriptors extracted from face patches to effectively

rovide ensemble diversity and address the SSPP constraints. Un-

ike conventional RSM that completely select the feature subspaces

andomly from the entire ROI, semi-random subspaces are em-

loyed to either consider the distribution of face descriptors and to

ake use of the local spatial relation among each patch. Further-

ore, an unsupervised DA method is used to train e-SVM classi-

ers in the ED through several training schemes, where video ROIs

f non-target individuals are exploited versus a single still ROI to

ransfer knowledge from the ODs. This paper also investigates the

mpact of using different training schemes for DA, as well as, the

alidation set of non-target faces extracted from stills and video

rajectories of unknown individuals in the OD. Thus, such a system

an incorporate knowledge of the ODs and improve the robust-

ess against several nuisance factors frequently observed in video

urveillance operational environments. 

During enrollment of a target individual, a pool of diverse clas-

ifiers is generated through two design scenarios to select the

ost representative subspaces. The first scenario exploits addi-

ional knowledge acquired from a validation set and a global cri-

erion, while the second scenario employs a local criterion. Hence,

he best subspaces are selected using the first scenario and it can

onstruct an efficient system with a compact pool. In addition,

istance-based dynamic selection and weighting approaches are

lso proposed based on the SSPP issue to either select or weight

he classifiers dynamically during operations. Since there is no

ther target still during design, different internal criteria are de-

ned using distances of the input probe from the support vectors

f e-SVMs and the reference still in the feature space. The final

utput of ensembles is obtained using two levels of fusion among

he classification scores of patches and eventually scores from face

escriptors to perform spatio-temporal recognition. 

Extensive evidences are provided using the COX-S2V and

hokepoint datasets that the proposed method is effective and

omparable against the state-of-the-art methods. The proposed

nsemble-based system was validated under extremely imbal-

nced screening situation. Experimental results indicate that inte-

ration of the ranked semi-random subspaces into an individual-

pecific Ee-SVMs, in the construction of a compact and diverse

ool demonstrates a higher level of performance than using a

eneric pool without pruning. Although the proposed dynamic se-

ection and weighting approaches generate better performance in

erms of accuracy, but they impose some overhead and computa-

ional burden to such a time-bounded application. However, the

roposed system with a compact pool of e-SVMs and dynamic

eighting can achieve state-of-the-art performance with a signif-

cantly lower computational complexity. 
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