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Abstract

Face images captured by surveillance cameras usually
have poor quality, particularly low resolution (LR), which
affects the performance of face recognition seriously. In this
paper, we develop a novel approach to address the problem
of matching a LR face image against a gallery of relatively
high resolution (HR) face images. Existing methods deal
with such cross-resolution face recognition problem either
by importing the information of HR images to help synthe-
size HR images from LR images or by applying the discrim-
ination of HR images to help search for a unified feature
space. Instead, we treat the discrimination information of
HR and LR face images equally to boost the performance.
The proposed approach learns resolution invariant features
aiming to: (1) classify the identity of both LR and HR face
images accurately, and (2) preserve the discriminative in-
Sformation among subjects across different resolutions. We
conduct experiments on databases of uncontrolled scenar-
ios, i.e., SCface and COX, and results show that the pro-
posed approach significantly outperforms state-of-the-art
methods.

1. Introduction

Face recognition, as one of the most ubiquitous biomet-
rics technologies, has been extensively studied in recent
decades. The report of MBGC[3] demonstrates that current
algorithms perform well on good quality images. However,
the performance is far from being satisfactory for images
captured in uncontrolled scenarios. Recently, the increas-
ing use of surveillance cameras in common areas has nat-
urally motivated the researchers to pay more attention to
recognize faces in surveillance videos. Face images cap-
tured by surveillance cameras usually have low resolution
(LR) in addition to uncontrolled poses and illumination con-
ditions, whereas the enrolled face images are collected in
controlled scenarios with high resolution (HR) and that re-
sults in a challenging recognition task. Since face region
is limited and the signal to noise ratio of images is very
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Figure 1. Existing cross-resolution face recognition methods
mainly exploit the discriminant information in high resolution
(HR) face image space, whereas our proposed method utilizes the
discriminant information in both HR and low resolution (LR) face
images. As a result, the feature space learned by our proposed
method is more robust to resolution variations. h; and [; represent
HR and LR face images respectively, and ;" represents upsampled
LR face images.

low, discriminatory properties presented in the LR images
are poor. Moreover, the huge resolution gap between the
probe and gallery images naturally makes the problem even
more intractable. Since the probe is not of the same do-
mains of the gallery, feature dimensional mismatch prob-
lem emerges. The simple approach is down-sampling the
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gallery HR images and then exploiting the recognition pro-
cess in the probe LR image space. The computational ex-
pense is small, but the resolution gap is eliminated at the
cost of losing the discrimination in the gallery. As a result,
little attention has been paid to this category.

There are two typical categories [33] to enhance discrim-
ination of LR images and reduce the resolution gap simul-
taneously. One is super-resolution (SR) approaches, which
try to estimate HR images from the LR ones, and hence
traditional high resolution face recognition methods could
be adopted for recognition. The other is resolution-robust
approaches, which devote to build a unified feature space
towards resolution variation. Usually, the information of
HR face images is used either to help synthesis HR im-
ages from LR images, or apply to search for a unified fea-
ture space. Obviously, resolution-robust approaches reduce
the resolution gap in an implicit way into a unified feature
space, whereas SR approaches are searching a same high
resolution image space explicitly instead.

It is generally believed that HR images preserve more
reliable discriminant information than LR images. Hence
the discrimination of LR images, i.e., intra-class and inter-
class variations, is usually overlooked by existing cross-
resolution face recognition methods. In contrast, this pa-
per proposes a novel method considering the HR and LR
images equally, for the sake of the better information uti-
lization (see Fig. 1). To make the comparison achievable,
we increase resolution of LR images through interpolation
method, i.e., bicubic. It neither suffered high computational
cost nor a collection of training image pairs from the same
scene. Furthermore, we mix the real HR images with the
upsampled HR ones to learn resolution invariant features
in a supervised way with deep convolutional network. Fi-
nally, we employ cosine distance metric to obtain recogni-
tion results. The proposed approach has several advantages:
(i) Since resolution invariant features can be learned offline
from training data, it is fast and suitable for databases of
large size; (ii) we do not ask for a series of image pairs from
the same scene for training, and any image is available for
training; (iii) it has good generalization ability since no test
data is used for training.

The remainder of the paper is organized as follows. In
Section II, we review related work and highlight differences
in our approach. In Section III, we state the problem. The
proposed approach is presented in Section IV. We detail our
experimental results and discussions in Section V. In Sec-
tion VI, we discuss our conclusions.

2. Related Work

Existing works on low resolution face recognition (LR
face recognition) can be categorized as SR approaches that
recognize face into the HR image space and resolution-
based approaches where face images are compared in a uni-

fied space.

Super-resolution Approaches have been developed
within last decade, which synthesize HR images from
the LR images. Nasrollahi K et al. [23] apply a learning
based SR algorithm to improve the magnification factor
by combining multilayer perceptron with maximum a
posteriori. However, the method fails to optimize face
images from recognition perspective, and asks for a
collection of images from the same scene for training.
There are many works [11, 36] integrate visual quality
and recognition discrimination. In simultaneous SR and
recognition (S’R?) [11], the features for recognition are
available as prior information to realize SR and recognition
simultaneously. The framework is promising, however,
the performance is largely affected by the reconstruction
process and feature extraction module. More recently, Zou
et al. [36] propose discriminative super-resolution (DSR) to
solve the very low resolution problem through learning the
relationship between training HR images and LR images.
Two constraints, data constraint and discriminate constraint
are designed to improve the visual quality and recognition
discrimination simultaneously. Data constraint estimates
the reconstruction error, and discriminate constraint im-
proves the recognition performance. However, the method
is time-consuming because it needs online optimization.

Resolution-robust Approaches have gradually attracted
attention. Local Frequency descriptor (LFD) [17] presents
both blur-robust magnitude and phase information in the
low frequency domain to boost the recognition perfor-
mance. The engineered feature, i.e., LFD, tries to depict
the essence attributes of LR images, whereas the majority
methods [18, 35, 16, 30, 27, 21] prefer original intensity to
search for a unified feature space. Then how to use dis-
crimination of images naturally becomes important. Multi-
dimensional scaling (MDS) [6] utilizes discrimination in-
formation among HR images as guidance, requiring that
the distances between gallery (HR) and probe (LR) im-
ages of unified space approximate the distances that probe
images captured in the same conditions as the gallery im-
ages. An experiment is conducted on the part of the SCface
database [9]. However, only the probe images nearly frontal
are tested. An improved version [5] applies the automatic
facial landmark localization to the LR images to make it
more robust to pose variations. Ren at al. [27] propose cou-
pled kernel embedding (CKE) method to preserve the local
relationship among images in the HR space and minimize
the dissimilarities captured by the kernel Gram matrix in
the LR and HR spaces simultaneously .

Recently, based on Ref. [6, 5], Mudunuri and
Biswas [22] develops a reference-based approach to address
the time-consuming cause by stereo matching, and shows
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Figure 2. Block diagram of the proposed approach. I; and h; rep-
resent upsampled LR face images and HR images, respectively. 6
represents the learned parameters. I, and I, are gallery and probe
face images. G/(-) is the deep model based feature extraction func-
tion.

state-of-the-art performance. Shi and Qi. [29] applies lo-
cal optimization for each training sample according to the
relationship among images and incorporates local geome-
try together to build the global structure. The experimen-
tal performance on the SCface is better than other methods.
Mixed-resolution biometric comparison (MRBC) [24] con-
siders the combined statistics of different resolution images
and uses likelihood ratio framework to solve the compari-
son between images of different resolutions. The result has
achieved state-of-the-art performance on the SCface.

The reviewed works contribute to utilize discrimination
among HR images to guide a good performance. On the
contrary, we consider the discrimination among HR images
and LR images at the same time (see Fig. 1). The results
show that the added LR discrimination helps obtain a better
performance than other methods. We will detail our ap-
proach in the following sections.

3. Problem Statement

In the LR face recognition task, the essential problem is
to find a proper unified feature space to extract resolution in-
variant feature. Then we can compute the similarity among
samples using common distance metrics, i.e., euclidean, co-
sine through feature space.

The definition of formulas is given as follows: [; € R™
represents a LR image, h; € RM represents a HR image,
andi =1,2,...N;, j = 1,2,...Np, where N; is the number
of LR and N}, is the number of HR images. In this work,
N is equal to Nj,. The distance metric can be computed in
the unified feature space by:

dij = D(G(fsr(l;)), G(hy)) (D

where G : RM — R? is the function that project the im-
ages in the HR image space into the unified feature space,
and f,, : R™ — RM is a super resolution function that
increases the resolution of LR image from the R™ image
space to the R™ image space. We choose bicubic interpo-
lation method as the function f,. in this work.

As for feature extraction, big data motivates the deep
learning-based method to outperform engineered features.
Inspired by this, we apply the deep convolutional network to
learn resolution invariant features. Since the deep learning
neural network is a data driven method, the absence of LR
and HR image pairs of the same subject in reality makes the
deep neural network paralyzed. Consequently, we gener-
ate a HR and a LR images from the same source images by
downsampling. In this way, we solve the cross-resolution
face recognition problem indirectly (see Fig. 2).

4. Proposed Approach

It remains an unachievable mission to collect a large
amount of face images of various resolutions in the real-
world for network training, so we choose to imitate kinds
of resolution variability of face pairs as an alternate way. In
order to do so, we obtain face pairs through downsampling
from the source image data by different factors. There are
13671 classes, 438,139 images chosen from available pub-
lic datasets. Details of the training data will be described in
the Section “Training Data Description”.

All face images are preprocessed through face detection
and face landmarking [32], and aligned by affine transfor-
mation through four landmarks, i.e., left eye center, right
eye center, nose tip and mouth center. The important enti-
ties in this work are listed as follows:

e Size of HR images: 60 x 55

Size of LR images: 30 x 24

Baseline-HR: network trained on only HR images

Baseline-LR: network trained on only LR images

Two Resolutions: mix 60 x 55 with 30 x 24

Four Resolutions: mix 60 x 55, 30 x 24, 40 x 35 with
50 x 40

‘Baseline-HR’ and ‘Baseline-LR’ are used as baseline of
performance evaluation using network. ‘“Two Resolutions’
and ‘Four Resolutions’ are two proposed experimental set-
tings which take two and four resolutions as input to train
the network, respectively.

4.1. Resolution-invariant Deep Network

To take discrimination of HR and LR face images
equally into consideration, we mix LR images with HR ones
of the gray scale as the input of the Network. Moreover, the
resolution of LR images is increased to HR images by f,..

Motivated by Ref. [34], Resolution-invariant Deep Net-
work (RIDN) are trained in a multi-class face recognition
task to classify the identity of a face image. Fig. 3 shows the
detailed architecture of the Network which takes 60 x 55 x 1
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Figure 3. Structure of the proposed Resolution-Invariant Deep
Network (RIDN) for resolution-robust feature extraction.

input and predicts n (e.g.,n = 13,671) identity classes. The
dimension of feature extracted from the Pooling5 layer is
fixed to 320. As Fig. 3 exhibits, the Network contains ten
convolutional layers, two of which are bundled in a group,
then Max Pooling layers followed every group except the
last one is followed by a Average Pooling layer, followed
by Fully Connect layer and Softmax layer indicating iden-
tity classes.

The output of RIDN is an n — way softmax layer, which
outputs a probability distribution over the n classes:

exp(y,)

—_—— 2
> k=1 €xp(Yy,) @

Yp =

where y;, = k 1 Zp - Wg,p + b, combines the 320 dimen-
sional feature linearly as the input of neuron k, its output
is yx. The network is trained to minimize the cross-entropy
loss, denoted as:

— > —yplogy, = —log s 3)

y=1

where v, is the target probability distribution, y, = 0 for
all p except y, = 1 for the target class t. ¥, is the pre-
dicted probability distribution. The loss is minimized over
the parameters by computing the gradient of L, and stochas-
tic gradient descent (SGD) is used in back-propagation. To
accurate classify classes, the Network layer form discrimi-
native identity-related features (i.e. features with large in-
terpersonal variations).

4.2. Feature Extraction

In RIDN, Deep Model including w and b related to each
layer is learned through training phase. Feature extraction
process is denoted as G = Conv(z,w,b), where G(-) is
the feature extraction function, x is the input face, w and b
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[l is the LR faces of subject 2
® and. are the upsampled LR faces and the corresponding HR faces of subject 1

MWand D are the upsampled LR faces and the corresponding HR faces of subject 2

Figure 4. Basic idea of the proposed method. LR images are up-
sampled to HR image space, and then used together with HR im-
ages to learn a unified feature space. This makes the obtained
feature space robust to resolution variations.

denote parameters to be learned from the first layer to Pool-
ing5 layer (see Fig. 2).

Actually, mixing LR images with HR images to train
Deep Model is just like the process searching for a unified
feature space. Intuitively, the parameters # are optimized
to satisfy the following goals: (1) LR face images should
be classified accurately; (2) HR face images should be clas-
sified accurately; (3) images pairs of different resolutions
should be classified by their identities; All three constraints
are realized in RIDN. The conceptual description of the op-
timization process is exhibited in Fig. 4.

4.3. Matching

The test images are sampled to 60 x 55 by fs, after align-
ment. During the matching, the features of the both the LR
probe and HR gallery images are obtained through feature
extraction function G(-). If G(fs(1,)) and G (h;) denote the
features corresponding to an LR probe and an HR gallery
image, the distance between them is computed as the co-
sine distance between their features as follows:

d,jj = Cosine(G(fsr(l,;)), G(hj)) (4)

Since the G(-) can be learned offline training, so the pro-
posed method is fast and suitable for databases of large size.

5. Experimental Evaluation

In this section, we first introduce the training data, then
report the results on SCface and COX databases to verify
the efficacy of the proposed approach.

To validate how much the results are influenced by deep
learning, ‘Baseline-HR’ and ‘Baseline-LR’ are regarded as
the baseline of RIDN network which takes only HR or LR
images as input. Moreover, to verify whether more different
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Figure 5. Example face images in the CASIA-WebFace database.
Each row corresponds to one person.

Table 1. Summary of public databases used for training in this
study.

Database \ # Subjects | # Images
CASIA-WebFace [34] 10069 292004
FERET [26] 1195 3285
CAS-PEAR-R1 [7] 1040 8510
FRGC v2 [25] 466 15828
Multi-PIE [10] 337 111281
MUCT [20] 176 2095
Faces94 [1] 153 3033
AR [19] 100 586
PIE [31] 68 333
ORL [4] 40 389
Pointing04 [8] 15 611
Grimace [2] 12 184

resolutions of images for training bring about better face
recognition performance, we add images with another two
resolutions, i.e., 50 x 40 and 40 x 35, for training, namely
“Four Resolutions”.

5.1. Training Data

We gather 12 public face databases to construct the train-
ing data. Table.1 lists these face databases.

Since the pose problem is not the main concern factor,
the images whose poses are less than 30° in the yaw orien-
tation and 15° in the pitch orientation are chosen. As Fig. 5
shows, face images suffered from illumination variations,
expression variations etc.. Besides, the imbalance of the
number per class on training database is striking, ranging
from 2 images to 400+ images. All this makes it challeng-
ing to construct training data.

5.2. Results on SCface

To our best knowledge, many works related to LR face
recognition test on Multi-PIE [10]. However, lacking of real

()

Figure 6. Samples in (a) SCface and (b) COX databases. In SC-
face, images of each row are captured in the same acquisition dis-
tances marked as DC' (digital camera), d3 (distance3), d2 (dis-
tance2) and d1 (distancel).

LR images in Multi-PIE, so the LR images are downsam-
pled from HR images for face recognition. Since there is a
big difference between the simulation and real surveillance
environment, the methods can not be applied to the real-
world.

We test the efficacy of our method on the SCface
database which contains face images of 130 subjects taken
in uncontrolled indoor environment and some subjects are
exhibited in Fig. 6(a). The face images are captured by five
surveillance cameras at three distances, 4.20m (d1), 2.60m
(d2) and 1.00m (d3), and one frontal mugshot image per
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Table 2. Rank-1 recognition accuracy of the proposed approach
and some existing algorithms on SCface database.

Method Rank-1 Accuracy
Reference-based Approach[22] 69.45%
MDS HR-LR[5] 61.14%
LSML[16] 59.25%
GMA-MFA[28] 27.00%
Baseline-HR 49.50%
Baseline-LR 55.00%
Proposed Two Resolutions 71.25%
Proposed Four Resolutions 74.00%

subject taken from digital camera (DC) is also included.
The cameras are placed slightly above the subject’s head,
and the humans are not required to look at a fixed point dur-
ing the recordings, thus the collected images are blurred.
Moreover, pose and lighting variations as well as poor qual-
ity are different according to different cameras and different
distances. Face images captured at 4.20m are of the most
poor quality compared with the 2.60m and 1.00m.

We use some acronyms to denote the acquisition dis-
tances in the experiments as follows. (1)d1/d2/d3: The
images are captured by surveillance camera at a distance of
4.2m/2.6m/1.0m; (2) DC — di: The images captured by
digital camera are enrolled as gallery, and those captured
at di distance by surveillance camera are used as probe;
(3)di — dj: The images captured by di distance are en-
rolled as gallery, and those captured at dj distance are used
as probe.

We conduct extensive experiments with different com-
binations of these images to evaluate the performance of
our proposed method under different settings and compare it
with state-of-the-art methods of the same condition. (i) Our
experiment stays the same with the experimental setting in
Ref. [22] which considers DC'—d3. There are 80 subjects at
distance3 randomly picked for testing (a total of 400 probe
images). The recognition accuracy of our method and other
methods on SCface are shown in Table.2.

(i1) We adopt d3—d2 to estimate LR face recognition per-
formance followed the experimental setting in Ref. [29]. 50
subjects at distance2 are used as probe images, and subjects
for distance3 are enrolled in the gallery. The comparison of
different methods are presented in Fig. 7.

(iii) Experimental setting d3 — d2 is used as a testing
protocol. The comparative results are shown in Fig. 8.

(iv) To prove the high generalization of the proposed ap-
proach, all data in SCface dataset are used for testing. We
conduct experiment on both DC' — d2 and DC — d1. The
two results are reported in Fig. 9. Since no works report
recognition performance under these experimental settings,
no comparison results are shown. The recognition accuracy
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Figure 7. Cumulative Matching Characteristic (CMC) curves of
different methods on the SCface database.
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Figure 8. Comparison of the proposed approach to MRBC [24] and
CBD [21] in terms of Rank-1 recognition accuracy on the SCface

database.
OJ HH I I ‘

distance1=4.20m . distance2=2.60m
Distance to the Surveillance Cameras

70 BBascline—HR
60 [OBaseline—LR
DProposed Two Resolutions
WProposed Four Resolutions

w
(=

353 [ B
f=} (=) f=}
T

Recognition Accuracy (%)

(=}

Figure 9. Rank-1 recognition accuracy of the proposed approach
on the SCface database when all data in the database are used for
testing.

of images at distance? is close to 70%. Since quality of face
images captured at distancel is more poor than distance2,
the recognition performance between two distances is vary
significantly (see Fig. 9).

From the above, the proposed approach is significantly
more stable and has a higher recognition performance than
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Table 3. Rank-1 recognition accuracy of the proposed approach
and state-of-the-art method on COX database. "N\ A’ means the
result is not available.

Method Video2 | Video4
PSCL [12] 33.20% N\A

LERM [14] 42.80% N\A

CAR [15] 55.00% | 28.86%
Baseline-HR 42.21% | 42.82%
Baseline-LR 46.87% | 44.78%
Proposed Two Resolutions | 57.24% | 56.49 %
Proposed Four Resolutions | 63.94% | 63.29%

other methods.

5.3. Results on COX

The COX [13] consists of 1,000 subjects, each of which
has a HR still image and four uncontrolled LR video clips.
Each video clip generally contains 25 frames. Still images
are taken under controlled environment and video clips are
captured by two different camcorders at two different dis-
tances, and have variations on resolution, head pose, illu-
mination and expression (see Fig. 6(b)). The dataset is fre-
quently used in Video-based face recognition, since it is a
favourable simulation to video surveillance scenarios.

In order to verify the usefulness of our approach we
regard each frame as a probe image and compare perfor-
mance with state-of-the-art video-based face recognition
method. Our testing protocol seems more strict than other
referred methods, because they follows the testing proto-
col in Ref. [13] that using 300 subjects for training and the
remaining 700 subjects for testing, but we test on 1000 sub-
jects of the whole database without further training for test-
ing. For simplicity, we perform experiment on video2 and
video4 as a representative. The result is shown in Table.3.

5.4. Visualization

In order to further comprehend the proposed approach,
we visualize the resolution invariant features of face images.
As Fig.10 shows, the proposed approach can not only learn
the discrimination among images of different resolutions,
but also learn the discriminant information among low res-
olution face images.

6. Conclusion

The results obtained by the proposed approach are
promising. It supports the proposed hypothesis that con-
sidering information of LR is necessary. Compared with
state-of-the-art methods, our method obtains a better result,
and the probable reason is that discrimination of LR images
help realize three constraints to learn resolution invariant

Same J
Subjects

Different
Subjects

Figure 10. Visualization of the learned 320-dimensional
resolution-robust feature for example face images. We rearrange
features as 20x16. The cosine similarities of these image pairs
are also shown. ‘HR’ and ‘LR’ marked on the images indicate if
the images are high resolution or low resolution.

feature. According to performance curves, the accuracy of
‘Baseline-LLR’ is better than that of ‘Baseline-HR’, which
seemingly indicates extracted LR features have more effects
on cross-resolution recognition than HR features do.

In this paper, we have proposed to solve the cross-
resolution face recognition problem by extracting resolu-
tion invariant features from the unified high resolution and
low resolution training face images via Resolution-Invariant
Deep Network (RIDN). To the best knowledge of us, this
work is the first (i) for exploring discriminative information
among both high and low resolution face images, and (ii)
for introducing RIDN to low resolution face recognition.
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