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ABSTRACT

In this paper, we propose a novel method for low-resolution
face recognition. It is especially useful for a common situa-
tion in forensic search where faces of low resolution, e.g. on
surveillance footage or in a crowd, must be compared to a
high-resolution reference. This method is based on the like-
lihood ratio of a pair of mixed-resolution input images. The
effectiveness of our method is tested on the SCface database
which contains face images taken by surveillance cameras.
The results show that our method outperforms recently pub-
lished state-of-the-art.

Index Terms— Face recognition, low resolution, mixed
resolution, SCface

1. INTRODUCTION

Biometric face recognition systems based on high-resolution
(HR) images have achieved great success. However, the prob-
lem of low-resolution (LR) face recognition remains chal-
lenging. LR face recognition is the case if at least the probe
images are in LR. The face regions are small and mostly with
different variations in realistic situations. This problem is rel-
evant for forensic search, in particular the case where LR face
in a crowd or on surveillance videos need to be recognised.

The most common case for LR face recognition is given
gallery images of a list of suspects, to verify whether a per-
son in the surveillance scene is in the list using a pre-trained
classifier. Usually gallery images are HR and probe images
are LR. However, most classifiers are designed for HR im-
ages and can only work properly for images with the same
resolution. Three approaches for LR face recognition can be
distinguished.

The first one is to down-sample the gallery HR images
and compare them to the probe images in the LR space. Since
the LR feature sets are smaller than HR feature sets, this ap-
proach requires less computational cost. However, there is
a loss of high-frequency information in the down-sampling
process. Little research has been done in this direction.

The second one is to acquire higher resolution probe
images using super-resolution (SR) technique then conduct

comparison in the HR space. The simplest SR approach is in-
terpolation. It up-samples the LR images but does not bring in
more information. Thus, the resulting images usually not only
have little visual enhancement but also have worse recogni-
tion performance because the difference between the gallery
and probe images becomes even bigger. More advanced
SR methods have been investigated for decades. Baker and
Kanade [1] proposed a method that learns a prior on the
spatial distribution of images gradient for frontal face im-
ages. Then this prior is incorporated with MAP framework.
Hennings-Yeomans et al. [5] built a model for SR based
on Tikhonov regularization and a linear feature extraction
stage. This model can be applied when images from training,
gallery and probe sets have varying resolutions. The authors
extended this method in [6] by adding a face prior to the
model and using relative residuals as measures of fit. A data
constraint was developed by Zou and Yuen [14] to minimize
both the distances between the constructed SR images and
the corresponding HR images and the distances between SR
images from the same class. Zhang et al. [13] proposed a
SR method in morphable model space which tries to con-
struct HR information required by both reconstruction and
recognition.

The third approach is to compare LR probe images to the
HR gallery images directly. Most methods of this approach
find mappings to project both LR and HR images to a com-
mon space so that direct comparison between them could be
possible. This has been drawing the attention of researchers
during the last years. Li et al. [9] proposed a method that
project both HR and LR images to a unified feature space
for classification using coupled mappings. The mappings are
learnt by optimizing the objective function to minimize the
difference between corresponding HR and LR images. Huang
and He [7] proposed a method where canonical correlation
analysis used to project the PCA features of HR and LR image
pairs to a coherent feature space. Radial based functions are
then applied to find the mapping between the HR/LR pairs.
This method finds nonlinear mappings on coherent features.
A multidimensional scaling based method was proposed by
Biswas et al [3]. Both HR and LR images are transformed to
a common space where the distance between them approxi-
mates the distance when they both are HR. The transforma-
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tions are learnt using an iterative majorization algorithm. Ren
et al. [12] proposed a methods called coupled kernel embed-
ding. It projects the original HR and LR images onto re-
producible kernel space using coupled nonlinear functions.
The dissimilarities captured by their kernel Gram matrices
are minimized in this space. Lei et al. [8] proposed a cou-
pled discriminant analysis method. They find coupled trans-
formations to project HR and LR images to a common space
in which the low-dimensional embedding are well classified.
The locality information in kernel space is also used as a con-
straint for the discriminant analysis process. Moutafis and
Kakadiaris [10] proposed a method that learns semi-coupled
mappings for HR and LR images for optimized representa-
tions. The mappings are aim to increase class-separation for
HR images and map LR images to their corresponding class-
separated HR data.

Some of the existing methods were demonstrated using
real LR image databases [3, 12, 14, 8]. While most methods
were tested using probe images generated by down-sampling
and smoothing HR images. However, down-sampled images
differ from real LR images. We see that the face recognition
performance on down-sampled images is much better than on
real LR images from these publications. Besides, obtaining
good results using down-sampled data does not necessarily
mean the method also works on real LR images. In [11], it
is shown that methods that can improve performance using
down-sampled images may not be able to benefit face recog-
nition using real LR images.

This paper follows the approach of [10] and focuses on
LR to HR comparison. We propose a novel method for di-
rect comparison of different resolution images which is called
Mixed Resolution Biometric Comparison. We also demon-
strate that this method outperforms the state-of-the-art meth-
ods for LR to HR comparison on real LR images.

The remaining parts of this paper are organized as fol-
lows: in Section 2, our proposed method, Mixed-Resolution
Biometric Comparison (MRBC), is introduced. In Section
3, we demonstrate that our proposed method outperforms
the state-of-the-art methods by conducting experiments on a
surveillance face database. Section 4 concludes the paper.

2. MIXED-RESOLUTION LIKELIHOOD RATIO
BASED SIMILARITY SCORE

Given two biometric feature vectorsx ∈ RM andy ∈ RN

obtained from multi resolution acquisition devices we look
for support for the hypothesisHs: the samples originate from
the same individual versusHd: the samples originate from
different individuals, quantified by the likelihood ratio

l(x,y) =
p

((
x
y

)

|Hs

)

p

((
x
y

)

|Hd

) . (1)

It is well-known that an optimal classifier in Neyman-Pearson
sense is obtained by thresholding the likelihood ratio, cf. for
example [2].

We takeM ≥ N , i.e.x is of higher resolution thany, and
assume thatx = μx+wx andy = μy+wy, with μx = E{x}
andμy = E{y} the subject-specific class means of the fea-
tures, and withwx andwy the statistically independent, zero-
mean within-subject variations. Furthermore, we assume nor-
mal, zero-mean probability densities forwx andwy, and for
μx andμy. If x andy are not zero-mean, estimated means
have to be subtracted prior to comparison. Such a simple
model cannot be expected to work well for HR face recog-
nition, but when LR faces with fewer details are involved it
still works. The matricesΣxx = E{xxT} ∈ RM×M and
Σyy = E{yyT} ∈ RN×N are the covariance matrices ofx
andy, respectively. The matricesΣxy = E{xyT} ∈ RM×N

and Σyx = ΣT
xy are the cross-covariance matrices. Then

Σxy = E{μxμT
y}. For the probability densities of the pairs

of feature vectors we then have, respectively
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Covariance and cross-covariance matrices need to be esti-
mated in a training process. The cross-covariance matrixΣxy

is estimated aŝΣxy = 1
K

∑K
i=1 μ̂x,iμ̂

T
y,i, with K the number

of individuals involved in training and̂μx,i andμ̂y,i the esti-
mated sample means of subjecti. The rank ofΣ̂xy can be at
mostmin(N,K −1). The−1 is included because the sample
means are zero-mean.

Under the above assumptions the following similarity
score can be derived from the likelihood ratio (1):

s(x,y) = (xTyT) (4)
((
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)(
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.

This score is optimal because it monotonically increases
with the (log-)likelihood ratio. In order to simplify (4)
and to assure that the estimated covariance matrices have
full rank and can be inverted we reduce the dimensional-
ity and apply whitening transforms tox andy, resulting in
xw = WHx ∈ RMw andyw = WLy ∈ RNw , respectively.
UsuallyMw < M , Nw < N , andMw ≥ Nw. As a result we
have thatΣw

xx = E{xwxT
w} = I andΣw

yy = E{ywyT
w} = I,

with I an identity matrix of appropriate size. The similarity
score then becomes

s(xw,yw) = (xT
wyT

w) (5)
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.



We will further simplify (5). First we apply a singular value
decomposition toΣw

xy, such thatΣw
xy = UDVT, with U ∈

RMw×Mw , and orthonormal,V ∈ RNw×Nw , and orthonor-
mal, andD ∈ RMw×Nw . The firstNw rows ofD form a di-
agonal matrix consisting of singular valuesνi, i = 1, . . . , Nw

in decreasing order. The lastMw − Nw rows ofD are an all-
0 matrix. In a trained classifier the rank ofD can be at most
D = min(Nw,K − 1), with K the number of individuals in
the training set. If a smaller feature vector is desired,D can
be chosen to be less thanmin(Nw,K−1). We now transform
the feature vectors again, such thatxc = (U∗,1:D)Txw ∈ RD

andyc = (V∗,1:D)Tyw ∈ RD, where the subscript∗, 1 : D
denotes that only the firstD columns of matrix are taken. The
subscriptc indicates that these transformations map the fea-
ture vectors to a common subspace. It can be shown that these
transformations, which reduce the feature dimensionality to
D, will result in the same similarity score as transformations
using the full matricesU andV. For the similarity score we
now have

s(xc,yc) = (6)

(xT
c yT

c )
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I 0
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)−1
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)−1
)(
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,

with D ∈ RD×D redefined as a diagonal matrix with theD
largest singular valuesνi of Σw

xy on the diagonal. By using
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(7)

and expanding the matrix multiplications in (6) we can show
that

s(xc,yc) = (8)

−
D∑

i=1

νi

1 − νi
(xc,i − yc,i)

2 +
D∑

i=1

νi

1 + νi
(xc,i + yc,i)

2.

In (8) a factor of1/2 has been left out. A full expression
for the log-likelihood ratio, that includes all the constants that
have been ignored is

log(l(xc,yc)) = −
1
2

D∑

i=1

log
(
1 − ν2

i

)
+

1
4
s(xc,yc). (9)

Because theνi depend on training data, the use of this full
expression is recommended inn-fold cross-validation exper-
iments, since then the first term may differ slightly per vali-
dation step. Figure 1 shows a block diagram of the classifier
according to (8). The blocks perform matrix multiplications,
except the rightmost ones, which compute a squared vector
norm. The vectorsx andy are the average HR and LR facial
images, respectively. The matricesΔDIF andΔSUM are di-

agonal matrixes, defined byΔDIF,ii =
√

νi

1−νi
, i = 1, . . . , D

andΔDIF,ii =
√

νi

1+νi
, i = 1, . . . , D, respectively.

Fig. 1. Block diagram of the classifier according to (8).

In a similar way a likelihood-ratio based classifier can be
derived for heterogeneous features, e.g. for visual light and
near infrared facial images, and for the case that feature sets of
possibly different numbers if multiple captures must be com-
pared.

3. EXPERIMENTS

The experiments are conducted on the Surveillance Camera
Face (SCface) database [4]. The SCface database contains
images from 130 subjects taken by five surveillance cameras
at three distances, namely 4.20 m (distance1), 2.60 m (dis-
tance2), and 1.00 m (distance3). There are5 × 130 = 650
images for each distance. It also contains one frontal mug-
shot image for each subject.

Fig. 2. Sampled images from SCface database in our experi-
ments. First row: HR, second row: LR .

In order to compare our method MRBC to a state-of-the-
art method presented in [10] called CBD, that protocol is
used in our experiments. The region-of-interest is obtained by
cropping the face regions of the images according to the eye
coordinates provided in the database. Images from distance2
are used as LR and images from distance3 are HR. The res-
olution for HR and LR images after process are30 × 24 and
15 × 12 respectively. Sample images are shown in Figure 2.
100 subjects are randomly selected and 4 images from these
subjects are also selected randomly for training. The remain-
ing 30 subjects are used for testing. We randomly select 4 im-
ages per subject for gallery and the others are used as probe.
Thus, we have 400 training images, 120 gallery images and
40 probe images each time. We have three types of experi-
ments: LR vs. LR, HR vs. HR and HR vs. LR. The HR vs.



LR indicates that gallery images are HR and probe images are
LR. Each experiment is repeated 100 times.

The likelihood ratio of all experiments are calculated us-
ing Eq. (9). The parameters of MRBC method in all experi-
ments are shown in Table 1.

Setting K M N Mw Nw D

LR vs. LR 100 180 180 70 60 40

HR vs. HR 100 720 720 70 60 40

HR vs. LR 100 720 180 70 60 40

Table 1. Parameters of MRBC in each experiment. The
meaning of the parameters can be found in Section 2.

Setting Method AUC Rank-1 %

LR vs. LR
CBD 0.78 (0.03) 57.17 (2.40)

MRBC 0.99 (0.01) 95.53 (3.68)

HR vs. HR
CBD 0.77 (0.03) 56.40 (9.50)

MRBC 1.00 (0.00) 99.13 (1.68)

HR vs. LR
CBD 0.77 (0.03) 52.67 (9.90)

MRBC 0.88 (0.03) 57.33 (9.52)

Table 2. Comparison of MRBC to CBD. The values are in
the format: average value (standard deviation).

Fig. 3. ROC curves for comparing MRBC to CBD for HR vs.
LR setting.

In Table 2 and Figure 3 we compare our experimental re-
sults with the results from CBD [10]. The best CBD results
are chosen for comparison. The average value and standard
deviation of AUC and rank-1 identification rates are shown in
Table 2. We also collect all the genuine and imposter scores
from the 100 times to plot ROC curves. Since [10] only pro-
vided ROC for HR vs. LR setting, we compare our ROC

curve with theirs in Figure 3. The ROC curve of CBD is re-
produced by selecting points on the original figure. Our ROC
curves for all the three settings are also provided in Figure 4.
In all cases, our method significantly outperforms CBD.

Fig. 4. ROC curves using MRBC for all the three settings.

The above experiments use multiple gallery images per
subject. This is not very common in real cases. We repeated
the experiments using single gallery image per subject, the
results are shown in Table 3. Although there is some drop
of performance in both verification and identification, MRBC
still provide promising results.

Setting AUC Verification % Rank-1 %

LR vs. LR 0.96 (0.02) 89.65 (5.25) 83.33 (6.43)

HR vs. HR 0.98 (0.01) 94.94 (3.43) 94.27 (4.08)

HR vs. LR 0.84 (0.03) 57.42 (7.51) 47.90 (8.86)

Table 3. MRBC results using single gallery image per sub-
ject. The values are in the format: average value (standard
deviation). The verification rates are obtained at false accep-
tance rate 0.1.

Our experiments followed the protocol by Moutafis and
Kakadiaris [10] to compare with their method. However, this
protocol has some limitations. Training data are taken at the
same day of the testing data, it is also the same with gallery
and probe images. Those images are taken in the same situa-
tion and with very similar illumination. Thus, the protocol is
similar to a within session comparison. The results would be
worse if mug-shots are used as gallery images as in real-world
scenarios.

4. CONCLUSION

In this paper we propose a novel method for mixed resolu-
tion biometric comparison, i.e. comparison of two facial im-
ages with different resolutions. The method is based on the



likelihood ratio framework where in the derivation of the ex-
pression for the likelihood ratio, the combined statistics of the
low and high resolution images is taken into account. The re-
sulting method is, therefore, especially suitable for the case
that gallery and probe are of different resolutions, but it can
be extended for other heterogeneous features. The experi-
ments on surveillance quality images demonstrate that this
method significantly outperforms the state-of-the-art. We also
remark that the protocols used in the comparison and that
are used in other publications are limited in the fact that for
training, gallery and probe images are used that are recorded
within a very narrow time frame (usually 1 day) and constant
conditions. This simplifies the task of facial recognition. A
more realistic protocol should use images recorded at differ-
ent times and with larger variations in conditions.
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