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Abstract 

In Still-to-Video (S2V) face recognition, only a few high 

resolution images are enrolled for each subject, while the 

probe is videos of complex variations. As faces present dis

tinct characteristics under different scenarios, recognition 

in the original space is obviously inefficient. In this paper, 

we propose a novel discriminant analysis method to learn 

separate mappings for different scenarios (still, video), and 

further pursue a common discriminant space based on these 

mappings. Concretely, by modeling each video as a set 

of local models, we form the scenario-oriented mapping 

learning as an Image-Model discriminant analysis frame

work. The learning objective is formulated by incorporat

ing the intra-class compactness and inter-class separabili

ty for good discrimination. Moreover, a weighted learning 

scheme is introduced to concentrate on the discriminating 

information of the most confusing samples and then fur

ther enhance the performance. Experiments on the COX

S2V dataset demonstrate the effectiveness of the proposed 

method. 

1. Introduction 

Face recognition from a single still image has been ex
tensively studied over a decade. Recently, the availabili
ty of video cameras has contributed to a rapid increase in 
the usage of video resources. As a result, video-based face 
recognition (VFR) applications become an emerging topic. 
Among them, many works assume that both the gallery and 
query set are video sequences, for which this kind of appli
cation is called as Video-to-Video (V2V) face recognition 
[6, 10, 14]. However, Still-to-Video (S2V) face recogni
tion, which recognizes faces in videos from the still image 
gallery, has been heavily overlooked in the past. Therefore, 
in this paper, we focus on S2V face recognition problem. 

In S2V face recognition scenario, only very few (single, 
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Figure 1. Face recognition on the S2V scenario. Each subject is 

enrolled with a single still image in the gallery, and the probe cov

ers multiple video clips under different conditions. 

in many cases) still images per person are enrolled into the 
gallery while multiple video clips are captured as the probe, 
as shown in Fig. 1. Typical application of S2V is the mug
shot matching which includes the recognition of faces in 
drivers licenses, passports, credit cards etc. Generally, in 
this scenario, the enrolled set are under controlled environ
ment and are of high quality, while the testing videos, cap
tured on arbitrary spots, are under poor lighting, of low res
olution and even with considerable blur. S2V face recogni
tion poses a huge challenge due to the great discrepancies of 
imaging conditions between the still images and video data. 
The difference brought by variant conditions could lead to 
faces of a certain person lying in different subspaces, mak
ing the S2V recognition very challenging. 

An natural way to deal with the cross-scenario recogni
tion is to learn a common mapping space for the polymor
phous samples. Although classic transform-based methods 
such as peA and LDA [1, 5] could obtain a superior pro
jection for image representation, performance degenerates 
severely when wide differences exist in the intra-class sam
ples. To address this problem, Huang et al. [3] proposed an 
improved LDA to learn projections, by using partial weight
ing to emphasize cross-scenario images in the discriminant 
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Figure 2. Overview of the weighted SAD method. (a) The still images S and corresponding video sequences V. (b) The local models set 

6 clustered from videos. Frames with similar face appearance are clustered as a model. (c) The most confusing models Cj neighbouring 

the still image Si (circled in the green line). Shapes represent classes, and colors present scenarios (Red are local models, and blue are still 

images ). (d) The scenario-oriented mappings {Fs, Fv} learned from weighted SDA project samples with good clustering property. 

analysis. One shortage of this method is relying on a single 
mapping to build a common discriminant space for samples 
from different scenarios. As data presents distinctly differ
ent characteristics towards specific scenario, it is obviously 
inefficient to model them in an uniform mode. 

In this paper, we propose a novel discriminant analysis 
method by exploiting separate mappings for different sce
nario patterns (still, video). Intuitively, scenario-oriented 
mappings could model the underlying data manifold in cor
responding scenario more effectively. To obtain good dis
crimination, we formulate the learning objective by com
pelling the still images towards video frames of the same 
identity, but far from those of distinct identities. Howev
er, in the S2V scenario, the number of still images in the 
training set is much smaller than that of video frames in 
total. The discordance would cause serious model bias for 
the following scenario-oriented training. Similar problem is 
also discussed in [3, 8]. 

As different face images for one subject from a video se
quence are expected to be highly correlated, they typically 
lie on or close to a low-dimensional data manifold [12, 13]. 
Therefore, we propose a clustering procedure according to 
the geodesic distance on the appearance manifold to clus
ter similar face images together. Typically, the resulting 
number of local models is much smaller than of the total 
frames in a video. Our algorithm could effectively alleviate 
the number discordance between the still scene and video 
scene. Moreover, when learning discriminating information 
from inter-class samples, we concentrate on the most con
fusing models within a small neighborhood of the still im
ages, by applying a weighted scheme. Finally, the learning 
objective is formulated by compelling the images toward
s local models of the same identity, but far from those of 
distinct identities in a weighted way. The scenario-oriented 
mappings pursue a common discriminant space where sam
ples from different scenarios have good clustering property. 
Overview of the proposed weighted scenario oriented dis-

criminant analysis (SDA) is shown in Fig. 2. Performance 
on the COX-S2V dataset [3] demonstrates significant im
provement over previous methods. 

2. Weighted Scenario Oriented Discriminant 
Analysis 

In this section, we describe the weighted SDA algorithm 
and how it leads to scenario-specific discriminative map
pings for effective face recognition in S2V scenario. The 
proposed method can be formulated as three steps. First, a 
set of local clusters are constructed to model the local char
acteristic of each video sequence. Then, an affinity matrix 
is computed to characterize the inter-class neighborhood re
lationship between the local models and still images. Final
ly, an Image-Model discriminant learning objective is for
mulated based on the affinity matrix, to learn the scenario
oriented mappings. 

2.1. Constructing local models 

If we obtain a sequence of face images for one subject 
from a video, the different images are expected to be highly 
correlated and hence they typically lie on or close to a low
dimensional manifold. Moreover, motivated by the property 
of continuity and gradual change of the video frames, we in
troduce a novel hierarchical merging algorithm [2] to clus
ter similar face images of a video as a set of local models, 
based on the geodesic distance measure on the appearance 
manifold. Following, we give a detailed implementation of 
the hierarchical merging clustering (HMC) algorithm. 

First, we compute the geodesic distance matrix Da E 
JR.NvjXNvj for all the pair-wise samples {vm, vn} in the 
video frame set Vj = {Vj,1, Vj,2, ... , Vj,Nv }. Specially, 

J 
the geodesic distance is computed as the Euclidean distance 
sum of a sequence of neighboring points on the data man
ifold, which form a path between the two points [13]. To 
preform HMC, all samples are first initiated as a singleton 



cluster C1, 1 ::; I ::; NVj. Then, we find the nearest pair 
of clusters according to the following distance measure be
tween clusters C1 and Ck : 

where nl and nk are the number of sample in clusters C1 and 
Ck respectively. The two nearest clusters are then merged 
together to form a new cluster, and hence the total number 
of clusters is reduced by one. This merging procedure con
tinues until the predefined cluster number No is reached. 
Generally, No depends on the length of the video and the 
type of variation factors on the facial appearance. 

By applying the clustering procedure above, we can ex
tract a collection of local models for the video clip Vj as: 

(2) 

NCj 

{(I) (I) (I) } L -Vj'I, Vj'2"", Vj'N , NO'I -Nv,(3) 
" , Cj,l ], J 1=1 

where Nc, is the number of local models, and N 0j,l is the 
number of'samples clustered in model Cj,l. Specially, for 
each cluster Cj,l formed, the cluster mean ej,l (which usu
ally does not correspond to a real image in the data set) is 
used as a representative exemplar, Namely, the subject j 
uses the set of exemplars Ej = {ej,l, ej,2, , .. , ej,NE} as a 

J 
set of local models to represent the original video Vj, where 
NEj = Nc,· J 

2.2. Computing affinity matrix 

After constructing the local models on videos, the learn
ing objective of SDA transforms into compelling the still 
images towards local models of the same identity, but far 
from those of distinct identities. When learning discrimi
nating information from inter-class samples, a reasonable 
and efficient way is to consider how to distinguish the still 
image from the most confusing local models only within a 
small neighborhood. Generally, the subtle differences from 
these nearby models are more crucial to classification than 
those from the faraway ones. Thus, in the following analy
sis, we apply a weighted scheme to emphasize the discrimi
nating information in the neighborhood of each still image, 
aiming to concentrate on the hard examples only. 

Concretely, we define an affinity matrix W for comput
ing the inter-class separability constraint Jb in the SDA, 
which aims at compelling the still images far from local 
models of distinct identities. The element Wi,j of W refers 
to the weight of comparing the still image Si with the inter
class local model ej in Jb. Considering the density of data 
may be different depending on regions, we define the affin
ity matrix taking the local scaling of data into account as 

following: 

(4) 

where d( Si, ej) represents the Euclidean distance of im
age Si and model ej, and (J"i denotes the local scaling of 
the data samples around Si, which is determined by (J"i = 

Iisi - s�k)ll, and s�k) is the k-th nearest neighbor of Si. 
From equation (4), we can see that the item, comparing the 
still image Si with the local model ej faraway, is assigned 
a small weight in Jb. Note that only when the distances 
d( Si, ej) are small, the weights Wi,j have significant values. 
In practice, we simply threshold those small weights to be 
zero. In this way, we can develop an approximated discrimi
nant learning for fast training, by simply comparing the still 
image with the K nearest neighboring local models in Jb. 

2.3. Constructing weighted discriminant learning 

In S2V scenario, the within-class data contains two type
s of data, low resolution video frames and high resolution 
still images. To model the data distribution in correspond
ing scenario effectively, we exploit separate mappings for 
the still scene and video scene respectively. Concretely, we 
formulate the weighted Image-Model discriminant analysis 
involving the intra-class compactness and inter-class sepa
rability constraints as follows. 

Assume the training set be T = {Si E S U Vi E V}, 1 ::; 
i ::; Ns, where S = {Si E JR,dS}�1 is the still images 
set, and V = {VI, V2, ... , V N s} holds the corresponding 

video clip Vi = {Vi,k E JR,dv} �:i for each person i in 
S. ds and dv are the sample dimensions. Next, we de
note the transforms for still scene S and video scene V 
by Fs(()s) E JR,d'xds and Fv(()v) E JR,d'xdv respectively, 
where () sand ()v are the mapping parameters, and d' is the 
mapping dimension of transform matrixes. Given the model 
exemplars Ei = {ei,l, ei,2, ... , ei,NE,} on video clip Vi and 
the affinity matrix W, the intra-clas� compactness term Jw 
and inter-class separability term Jb in the mapping space 
are computed as : 

1 
Ns NEi 

Jw = N L LllFvei,1 - FsSi112, (5) 
w i=1 1=1 

1 
Ns 

Jb = 
N L L Wi,kllFvei,k - FsSi112, (6) 

b i=1 ei,kEOK(Si) 

where Nw and Nb are the number of pairs from the same 
class and different classes respectively. OK (Si) denotes the 
K inter-class nearest neighboring models of Si, and Wi,k is 
the weight of comparing Si with the local model ei,k. as 
described in Section 2.2. Finally, the objective function of 
SDA arrives at the following optimization criterion: 

min J = Jw(()s, ()v) - a * Jb(()s, ()v), (7) Os ,()v 



where a indicates the nonnegative tradeoff parameter. 
We solve the problem (7) with a simply matrix deriva

tion. Let S = [Sl, S2, ... SNs] E jRdsxNs collect all the still 
images for Ns person, and Ei = [ei,1, ei,2, ... , ei,NE] E 
jRdv x N Ei collect the N Ei model exemplars of video Vi for 
person i, 1 :s:: i :s:: Ns, then E = [El, E2, ... , ENs] rep
resent the whole local model matrix for all the N s per
son. Similarly, Et = [Et, Et .. , Et], where Et = 
[ei,l, .. , ei,K] E jRdv xK collect the K inter-class neighbor
ing models nK (Si) for Si. In addition, we set: 

S=[Sl, S2, .. , SNs], Si=[Si, .. , Si]EjRdsXNEi, (8) 

st=[sl, st", skrs], sl=[si"" si]EjRdsxK, (9) 

Then, we cast the problem (7) into a matrix form: 

min J = -l-llFvE-FsS I I�- � IlFvEtWt -FsStWt I I�, Fs,Fv Nw Nb 
(10) 

where I I. I I� stands for the Frobenius norm. Reshaping the 
original affinity matrix W = [wJ, ... , wi;] as a column s 
vector W, Wt is the diagonalization matrix of W. 

According the matrix theory, the derivation of function 
J ( () s, () v) with respect to parameters {() s, () v} can be com
puted as: 

8J/8Fs = 

8J/8Fv = 

�(F S - F  E)ST 
N 

s v 
w 

(11) 

-� (FsSt - FvEt)Wt (stwt) T, 
2 - T 

N(FvE - FsS)E (12) 
w 

-�(FvEt - FsSt)Wt(EtWt)T, 

where ZT denote the transposition of matrix Z, Z 
S, (stwt), E, (EtWt) respectively in the above formulas. 
Finally, the parameters {Fs, Fv} are updated according to: 

Fs = Fs - TJ x (8J/8Fs), 
Fv = Fv - TJ x (8J/8Fv), (13) 

where TJ is the learning rate. 

3. Recognition Algorithm 

At last, S2V face recognition comes down to calculating 
the similarity of an image to a set of local models. Given 
the mapping matrixes {Fs, Fv}, we can obtain the project
ed expressions of still image s� and local model exemplars 
Ej = {ej,l' ej,2' ... , ej,NEj} of video clip Vj. We define the 

S2V distance by matching the closest parts of two modes 
as: 

d(s�, Ej) = _ min d(s�, ej,l) (14) 1-1,2, ... ,NEj 

Table 1. Environment setting of the four videos. "yI" means the 

setting is fixed and" x " means the setting is varying. 

Video 1 Video2 Video 3 Video4 
Viewpoint V V x x 

Illumination x x x x 
Expression x x x x 

Video 1 

Single Still Image 

Video 4 

Video Frames 

Figure 3. Examples in the COX-S2V dataset: one still image per 

person in the gallery set with four video clips in the probe set. 

Finally, the recognition of video clip Vj is performed by: 

A: i = arg. min d(s�, Ej), (15) 'l=1,2, ... ,Ns 
4. Experiment 

4.1. Dataset and Experiment setting 

Most public datasets (Youtube [9], FRGC) are designed 
for video-video or image-image face recognition without 
collecting the coupled image-video data. Here, we just test
ed on the newly released COX-S2V dataset, specially de
signed for the real-world Still-to-Video face recognition re
search [3]. The dataset consists of high resolution still im
ages and four low resolution videos of 1000 subjects. Each 
video clip generally contains 25 frames. Table 1 gives the 
shooting condition of the videos. In particular, video 1 and 
3 are more blur than video 2 and 4 for further shooting dis
tance. Some samples are shown in Fig. 3. According to the 
protocol in [3], we use the still images and video clips of 
300 persons for training, and that of the rest 700 persons for 
testing. During testing stage, the still images serve as the 
gallery, and videos serve as the probe. The rank-1 recogni
tion rate is used to test the performance. 

The faces in video frames are detected and localized by a 
public face detection SDK in OPENCV. All face images are 
scaled to 96 x 120 pixels. The pixel descriptor is used for 
the baseline assessment. To explore the potentiality of the 
proposed SDA, we use local phase quantization (LPQ) and 
Gabor magnitude [7] to compose the complementary phase
magnitude descriptor for face representation. The feature 
parameters are set as [7]. For LPQ, we set the local win
dow size and the low frequency coefficient as 7 x 7, 1/7 



Table 2. Accuracy of the proposed SDA on four videos with dif

ferent descriptors (%). 

VI V2 V3 V4 
Pixel 62.9 80.3 19.1 55.0 
LPQ 61.1 83.3 27.7 68.6 

Gabor 68.9 86.6 29.1 65.1 
LPQ+Gabor 78.6 89.7 37.7 76.9 

Table 3. P erformance comparison on the COX-S2V dataset (%). 

SDAIweighted means learning without the weighted scheme. 

Methods I VI I V2 I V3 I V4 

LDA [1] 47.5 68.2 20.0 49.8 
LPP [11] 47.4 68.5 20.1 49.1 

Pixel PaLo-LDA [3] 52.4 73.0 22.0 56.7 
CAR [4] 72.6 77.3 35.4 61.4 

SDAlweighted 62.0 79.0 18.3 54.1 
SDA 62.9 80.3 19.1 55.0 

LPQ+ SDA 78.6 89.7 37.7 76.9 
Gabor 

respectively. For Gabor, we use 40 Gabor wavelets with 5 
scales and 8 orientations. The Gabor kernel's size, the fre
quency parameters kmax, fV, and the parameter (J" are set 
to 31 x 31,1.0, j2, and 2 respectively. Before training, 
we apply Principal Components Analysis (PCA) [5] on all 
the descriptors, and the reduced dimension is set as 1600 
compromising between discrimination preserving and nois
es compression. The trade-off parameter 0: is set to 0.5, and 
the learning rate TJ for parameters updating is 0.001. 

4.2. Evaluation of the proposed SDA 

Recognition results on the COX-S2V dataset are shown 
in Table 2. Accuracy on the pixel descriptor gives the base
line performance. The LPQ and Gabor promote the perfor
mance significantly compared with the baseline, suggest
ing that the two descriptors are quite effective for captur
ing information in the uncontrolled environment. The last 
line of Table 2 gives the accuracy from fusing the similar
ities of LPQ and Gabor with a simple average operation. 
Since LPQ emphasizes the texture information while Gabor 
emphasizes the structure information [7], the fusing results 
show significant improvement for their strong complemen
tation. 

We compare SDA to state-of-art methods in Table 3. The 
best results reported are from CAR upon the pixel descrip
tor. With the pixel descriptor, our approach performs better 
on video 2, but worse on video 1, 3 and 4. In complex condi
tions' the performance of SDA may be disturbed by the low
level expression ability of the original pixel feature. While, 
with the phase-magnitude (LPQ+Gabor) descriptor, our ap
proach performs significantly better than CAR on all the 

Nc 

Figure 4. Performance with varying number of local models. 

four kinds of videos. Besides, the comparison of SDA and 
SDAIweighted in Table 3 indicates that by concentrating on 
the most confusing discriminating information for discrim
inant analysis, the weighted learning scheme enhances the 
performance effectively. 

The main complexity of our method is the gradient com
putation, which costs O(D3(Ns 3 + Nm)), where D is the 
feature dimension after PCA, Ns is the category number 
and N m is the total model number. In our application, the 
gradient update is rather efficient and requires about ten it
erations before converging. Besides, the complexity of S2V 
matching is computing the Euclidean distance of the local 
models on the testing video with the enrolled images, whose 
complexity is O(DNcNs), where Nc is the model number 
of the testing video. For the limited enrolled set, the real
time S2V recognition is very effective. 

4.3. Analysis of model parameters 

The important parameters of SDA include: Nc (the 
number of local models), K (the number of neighboring 
models considered in the affinity matrix), and the dimension 
of mapping space d'. To provide a better understanding of 
the proposed approach, we give a detailed analysis of these 
parameters. Experiments are performed on video 2 and 4 
with the LPQ descriptor as a representative. 

We evaluate Nc by varying it from 1 to 10. Fig. 4 shows 
the influence of N c to the global performance. Similar vari
ations occur on both of the videos. As seen, just as N c is 
around 3, the recognition rate reaches the peak. Actually, 
clustering with only few models leads to the loss of diversi
ty of samples in the training set. While, a large number of 
local models would lead to badly discordance of the sample 
number in still scene and video scene, and further serious 
model bias for subsequent discriminant learning. Therefore, 
a small or overlarge N c both degenerate the performance to 
some extent. 

We evaluate K by varying it from 5 to 30 in step of 5. 
The results in Fig. 5 show that the performance benefit
s from the increasing of K. Generally, using more local 
models tends to provide more discriminating information 
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Figure 5. Performance with varying number of neighboring mod

els. 
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Mapping Dimension 

Figure 6. Performance with different mapping dimensions. 

for effective model training and also improves the accura
cy. After K ;:::: 20, the performance is nearly saturated, 
which indicates that only applying the local models in the 
neighborhood of a still image is enough to capture the use
ful inter-class discriminating information. To simplify the 
training process, we concentrate on the most confusing lo
cal models within a small neighborhood, and set K = 20 
for the proposed SDA. 

In this section, we vary the mapping dimension from 400 
to 1600 by a step of 200 to test which is more suitable 
for S2V facial description. Experimental results on video 
2 with three descriptors are drawn in Fig. 6. As we can see, 
the accuracy benefits from increasing the mapping dimen
sion. With too low dimension, performance drops for losing 
much discriminative information in the mapping operation. 
However, as the dimension exceeds 1000, the accuracy in
crement is inapparent, less than 0.5%. Moreover, continued 
growth even leads to a downward trend of performance. The 
phenomenon may arise from that a high dimension makes 
the model much too complicated for the current problem, 
leading the model overfitting on the small training set while 
generalizing badly on the test set. Above all, we set the 
mapping dimension as 1000 for all the descriptors. 

5. Conclusion 

We have developed a Weighted Scenario Oriented Dis
criminant Analysis approach for Still-to-Video face recog-

nition. The algorithm models the video clip as a set of local 
models, and learns separate mappings for samples in dif
ferent scenario patterns (still, video) under an Image-Model 
discriminant analysis framework. To concentrate on the dis
criminating information of the most confusing local mod
els, the optimization of mappings is formulated upon the 
separability-compactness constraints in a weighted scheme. 
Comparative experiments indicate the proposal's high accu
racy and robustness in S2V scenario. 
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