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Abstract— Face recognition is a challenging problem, especially when low resolution images or image sequences are used
for the task. Many methods have been proposed that can
combine multiple low resolution images to realize a higher
resolution or super-resolved image. Nonetheless, their utility
and limitations for use in face recognition are not well understood. In this paper, we present a quantitative and comparative
evaluation of wavelet transform based methods for image superresolution. We evaluate different basis functions, varying levels
of decomposition, and multiple methods for coefﬁcient fusion to
maximize the beneﬁt of the super-resolved image for the task of
face recognition. We have used a Discrete Wavelet Transform
and the shift-invariant Dual-Tree Complex Wavelet Transform.
Results are reported across both manually generated datasets
and data from a surveillance system.
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fusion techniques [16], [21] to combine wavelet coefﬁcients
from multiple frames. The wavelet-based method is compared to other classical reconstruction methods. Additional
parameters examined include the optimal number of frames
to be used for reconstruction as well as the minimum image
resolution of each frame needed in order the to obtain any
beneﬁt from super-resolution for the task of face recognition.
The rest of paper is organized as follows: Section II
presents previous work, Section III describes our processing
pipeline, multi-frame registration, the computation of image coefﬁcients based on the Dual-Tree Complex Wavelet
Transform and Discrete Wavelet Transform, and coefﬁcient
fusion techniques. A discussion of the experimental design
and results are presented in Section IV. Finally, Section V
summarizes our ﬁndings and offers conclusions.

I. I NTRODUCTION
Advances in electronics, sensors, and optics have led to
ubiquitous availability of video-based surveillance systems.
A multitude of applications are driving the need for recognition of individuals from surveillance videos [2]. Among
various biometrics possible for ascertaining the identity of
an individual, face is by far the most convenient and applicable in surveillance video. However, this modality poses
additional challenges to the already difﬁcult problem of
face recognition. In typical surveillance scenarios, camera
perspectives are distant and subjects to be recognized cover
a small area of the image (resulting in poor face image resolutions) [2]. In addition, motion of the subjects may result
in blurred and out of focus capture of faces [28]. Solving
these issues is critical to building a robust face recognition
system that can leverage video from surveillance systems,
and in general, solve the problem of face recognition at a
distance (FRAD) [2], [19].
The main objective of this paper is to investigate the
beneﬁts and limitations of wavelet-based super-resolution
methods for the task of FRAD. Speciﬁcally, we perform
a quantitative evaluation of wavelet-based super-resolution
image reconstruction for the purpose of face recognition
from surveillance video. We evaluate a variety of basis
functions and their ability to maximize performance of a face
recognition system along with an evaluation of the added
computational cost. In addition, we also consider different

II.

PREVIOUS WORK

For many 2D face recognition systems, resolution of the
image dictates the ability to detect key descriptors of the
facail anatomy (e.g., eyes, lip corners, face contour), and
thereby the ability to perform face recognition (FR). As a
result, when the resolution of a face region is lower than
expected, the performance of the system would be unacceptable [28]. For example, for FaceItTM [10], a commercial face
recognition system, the minimum distance between pupils
expected is 60 pixels [19]. In recent years, several methods
have been proposed to address the limitation of image resolution [3], [28]. One proposed solution is to down-sample face
images in the gallery database to the size of low resolution
probe images captured for a subject [31]. Another proposed
solution is based on extracting features from face regions
in the probe image [6], [33] and matching them to features
computed from the high resolution gallery images. However,
this is dependent on the ability to extract reliable features and
a degradation in resolution beyond a certain point will lead to
ungraceful system failures. In addition, blurred probe images
would also pose a challenge for this approach, which is
common in the case of faces extracted from video. Example-
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Fig. 1. Flow chart of FR using super-resolution reconstruction from low
resolution (LR) images.
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resolution image, which in turn can be post-processed for
recognition. This approach by far holds the most promise
and is known to be a scalable solution for a multitude of FR
scenarios. Fig. 1 depicts a typical framework for multi-frame
based super-resolution fused for face recognition. First, face
regions are extracted from low resolution video sequences
and registered. Many super-resolution methods have been
proposed [9], [15], [25], [26], [28], [32] to combine the registered images at the second stage. Classical methods range
from projection onto convex sets (POCS) [8], [24], nonuniform interpolation [26], and iterative back projection [20].
These methods have high computational cost that may be unacceptable for online application scenarios. Recently, Farisu
et al. [5] proposed a fast and robust super-resolution (FRSR)
algorithm. However, the algorithm output is dependent and
sensitive to its parameters (alpha, beta, error, iterations) [5].
Wavelet analysis has been shown to be well suited for reconstruction, denoising, and deblurring, providing accurate and
sparse representation of images consisting of smooth regions
with isolated abrupt changes [15], [17]. Many investigators
have used wavelet-based super-resolution in a variety of application domains including biomedical [8], biometrics [11],
and astronomy [30]. Key beneﬁts of wavelet-based methods
include lower computational cost [17], minimal memory
requirements during reconstruction [30], and high signal-tonoise-ratio (SNR) [8] after reconstruction. Hence, waveletbased super-resolution reconstruction can be beneﬁcial in
addressing the image resolution challenges in FRAD.

(c)

(d)

III. M ETHODS
A. Multi-Frame Registration
For reconstruction-based super-resolution algorithms, registration is a crucial step. Without properly registering multiple frames, super-resolution algorithms will result in a
poor output. In this work, we use two types of registration:
landmark and intensity-based registration. An Active Shape
Model (ASM) can be used [4], [22] to detect key anatomical
landmarks in each image from a video sequence. However,
ASM may not result in promising results for low resolution
facial images. Thus, in addition to ASM, intensity values
are also used for registration. Speciﬁcally, the Fourier-Mellin
Transformation (FMT) can be used for registering two images [27]. The scale, rotation and translation ([s,R,T]F M T )
parameters are obtained by using FMT. Using the feature
points detected by ASM, we register all frames to a reference
frame. Let fi be a reference frame’s anatomical landmark
coordinates (i ∈ RN and N is the number of total frames)
and let fj be an input frame’s landmark coordinates which
will be registered to reference frame (j ∈ RN ). To register
fj to fi the scale, rotation and translation parameters are
estimated to satisfy fi ∼
= W (fj , c), where :




c1 c2
c3
fj +
W (fj , c) =
  c6 
 c4 c5
(1)
fj
c1 c2 c3
.
=
c4 c5 c6
1

(e)
Fig. 2. Output of ASM for (a) -8◦ , (b) 0◦ , (c) -16◦ respectively. Poses
are estimated using the PittPatt SDK [18]. (d) Pose estimated by PittPatt
SDK. The line in blue shows the variation of yaw, while the red line shows
the variation of roll across time. Notice that the changes are periodic over
time. (e) By plotting yaw vs roll we can ﬁnd the nearest neighbors to form
a group of similar poses for reconstruction of a super-resolved image.

based high resolution image reconstruction from a given low
resolution image was proposed by Kim and Kwon in [9].
However, this approach relies on having a large database of
high resolution images under varying pose and illumination
conditions. This may not be feasible for all application
scenarios.
Another class of methods is based on the reconstruction of a super-resolution face image from multiple low
resolution images [3], [28]. Given a surveillance system’s
video sequence with subjects moving in the scene, face
regions can be extracted and combined to obtain a higher
560

where ak,l is (k, l) translated complex scaling coefﬁcients,
bk,l is (k, l) translated complex wavelet coefﬁcients, and
θ ∈ (±15◦ , ±45◦ , ±75◦ ). The (k, l) translated complex scaling and wavelet functions φk,l and ψk,l are given by:
im
φk,l (x, y) = φre
k,l (x, y) + iφk,l (x, y)

Fig. 3.
Flow chart of obtaining a super-resolved image from LR
frames/images using a wavelet transform and fusion. After faces are detected
from N LR frames and registered to a reference frame, for each face image
(on the left). The wavelet transform is applied to extract image information.
Then, all information from N face images is fused. After fusion, the inverse
wavelet transform is applied.

re
im
(x, y) + iψk,l
(x, y),
(6)
ψk,l (x, y) = ψk,l
√
where i = −1. The real and imaginary parts of the
DTCWT are computed using separate ﬁlter bank structures
with wavelet ﬁlters h0 , h1 for the real part and g0 , g1
for the imaginary part, respectively. The DTCWT is implemented using separable transforms and by combining subband signals appropriately [18]. In 2D, DTCWT produces
six wavelet sub-bands of different orientations (-75◦ , -45◦ ,
-15◦ , 15◦ , 45◦ , 75◦ ) and captures image information in
that direction. The properties of DTCWT can be shown
through a simple synthetic experiment (Fig. 4(a)). The dualtree complex wavelet transform (Fig. 4(b)) can discriminate
between features at positive and negative orientations. Hence,
there are six sub-bands capturing features along lines at
orientations of (-75◦ , -45◦ , -15◦ , 15◦ , 45◦ , 75◦ ), while
the ordinary DWT (Fig. 4(c)) cannot discriminate features
between -45◦ and 45◦ . If we use DWT to extract high
frequency components, in the fusion step we may fuse the
coefﬁcients at different orientations, when we want to fuse
only similar high frequency coefﬁcients.
2) Fusion: In this section, we describe fusion techniques
to fuse detail coefﬁcients before applying the inverse transform. After decomposing the image into sub-images using
DWT or DTCWT, for each of N images to be fused,
we have the approximate and detail coefﬁcients. Many
fusion algorithms have been proposed including EM [30],
POCS [8], Weighting [17], Maximum Coefﬁcients [17], and
region based [13]. In this work, we have used maximum
of coefﬁcients (MAX) and general weighted (GW) fusion
schemes.
a) Maximum of Coefﬁcients: The most commonly used
fusion method is to choose the wavelet coefﬁcients using the
maximum absolute value of the sub-band coefﬁcients of the
two images to be fused [17]. In this method, the magnitude
of the coefﬁcients of images is computed as:

2
2
M (x, y) = Dre (x, y)2 + Dim (x, y)2 ,
(7)

To estimate the c parameters, we use Procrustes Analysis [12]. Estimated parameters by FMT and Procrustes Analysis can be combined using 2, where α is weight parameter:
[s,R,T] = α[s,R,T]ASM + (1 − α)[s,R,T]F M T .

(2)

Two ASM models are trained for standard and non-standard
pose (Figs.2(a-c)). The PittPatt SDK is used to estimate head
pose and to combine similar poses into one group to create
a super-resolved image. Fig. 2(d) depicts the pose output of
PittPatt for one video sequence obtained by a surveillance
camera, where the subject is walking towards the camera.
Fig. 2(e) depicts yaw vs. roll angles. The selection of frames
to be used for super-resolution reconstruction is based on
local grouping of yaw and roll estimates. Let Ω(fi ) be a
function that returns a head pose vector of frame fi . To form
a group of similar poses to fi 3 is used:
2

Ω(fi ) − Ω(fj )2 ≤ ε0 ,

(3)

where ε0 is a threshold. Fig. 2(e) depicts one local group of
selected and corresponding frames.
B. Super-Resolution Reconstruction
After having registered a local group of frames, then a
wavelet-based super-resolution is used to reconstruct a high
resolution image. The general processing ﬂow is as depicted
in Fig. 3. In this section, we brieﬂy describe each step of the
wavelet-based reconstruction.
1) Dual-Tree Complex Wavelet Transform: The dual-tree
complex wavelet transform (DTCWT) is an enhancement
to the Discrete Wavelet Transform (DWT), which generates
complex coefﬁcients by using a dual tree of wavelet ﬁlters
to obtain their real and imaginary parts [23]. Selesnick
and Kingsbury [23] introduced DTCWT, which has the
following important additional properties: shift invariance,
good directional selectivity in 2D, perfect reconstruction, and
efﬁcient computation compared to general complex wavelets.
In DTCWT, to achieve perfect reconstruction and good
frequency characteristics, two parallel fully decimated trees
with real ﬁlter coefﬁcients are used [23]. The 2D DTCWT
decomposes an image f (x, y) in terms of a complex shifted
and dilated mother wavelet ψ(x, y) and a scaling function
φ(x, y):
f (x, y) =


k,l∈Z 2

ak,l φk,l (x, y) +

 
θ

k,l∈Z 2

(5)

where Dre (x, y) is the real part of the high frequency
coefﬁcients of a sub-band, and Dim (x, y) is the imaginary
part of the high frequency coefﬁcients of the same sub-band.
The magnitude of the coefﬁcients is denoted as M (x, y). For
the two images to be fused, the new coefﬁcient D(x,y) at
position (x,y) in the fused image can be obtained by:

D1 (x, y) if M1 (x, y) > M2 (x, y)
D(x, y) =
, (8)
D2 (x, y) if M1 (x, y) ≤ M2 (x, y)

θ
bθk,l ψk,l
(x, y),

where D1 and D2 are the high frequency complex coefﬁcients of the ﬁrst and second image.

(4)
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Combining equation 10 and 11:

D2
D=
D2 − β(D1 − D2 )
where
β=

1
2

m<α
otherwise

m−α
.
1−α

(12)

(13)

IV. E XPERIMENTS
Several experiments were performed to evaluate the performance of wavelet-based super-resolution (WBSR). We
compare WBSR (in terms of performance gain and reconstruction time) with other super-resolution algorithms. In
addition, we assess the minimum image resolution (in terms
of pupillary distance) and the number of frames required
for WBSR reconstruction to affect the performance of a
face recognition system. Our experiments were designed
to investigate the limitations of WBSR for use in face
recognition from surveillance video.
The ﬁrst set of experiments involves the use of synthetic
data derived from a single HR image. For the second test,
we used LR video sequences obtained from a surveillance
system installed at the University of Houston. In both tests,
we have used PittPatt FTR SDK 4.0 for face detection and
recognition, and the parameters were α = 0.5 for a GW
fusion scheme.

(a)

(b)

A. Synthetic Data
The ﬁrst set of experiments involves the use of synthetic
data derived from a single HR image. We compare the recognition rate of high resolution, synthetic low resolution, and
reconstructed images. We have used Pupillary Distance (PD)
(distance between two eye centers) to deﬁne the resolution
of the face. Two datasets were used: XM2VTS [14] and
CMU MultiPIE [7]. We have used 193 subjects and 202
subjects from XM2VTS and MultiPIE, respectively. The
gallery from the XM2VTS dataset was based on images
from one session with no side illumination effects, and the
probe set was constructed from images in a different session
(CD008) where subjects were illuminated from the right or
left. For the CMU MultiPIE dataset, two different sessions
(ﬁrst and fourth) were used with no side illumination, one
for gallery and the other for probe. Each HR image in the
probe set was rotated, translated and down-sampled to create
20 LR images with PD of about 10-12 pixels. For waveletbased super-resolution, we used different fusion algorithms,
decomposition levels and wavelet basis functions for DWT
(Table I). For DTCWT we used nearly shift invariant wavelet

(c)
Fig. 4. Binary image (256x256) depicting circles with different radii.
(a) Synthetically generated circles with different radii. (b) Output of 2D
DTCWT. One can observe that each wavelet subband responds for particular
orientation, and 2D DTCWT can discriminate between positive and negative
orientations. (c) Output of ordinary DWT. One can observe that DWT can
not distinguish orientations -45◦ and 45◦ .

b) General Weighted Average: The General Weighted
Average fusion technique assigns a weight to each sub-band
to be fused:
N
−1

wi Di (x, y),
(9)
F (x, y) =
i=0

where wi is the weight for fusion of high frequency coefﬁcients of image Ii . One way to obtain the weights is
suggested by Pajares and Cruz [17]. Given two images I1 and
I2 and corresponding magnitude high frequency coefﬁcients
M1 and M2 , weighted fusion would be given by:
D = w1 D1 + w2 D2 ,

TABLE I
D IFFERENT FUSION SCHEMES , DECOMPOSITION LEVELS AND BASIS
FUNCTIONS WERE USED FOR DWT- BASED SR RECONSTRUCTION .

(10)

where w1 and w2 are the weights. Let m be the normalized
correlation average over a neighborhood between M1 (x, y)
and M2 (x, y) magnitude of sub-images, and let α be a
threshold. Then, w1 and w2 can be given by:

w2 = 1
m<α
w1 = 0,
(11)
1 m−α
w1 = 2 1−α , w2 = 1 − w1 otherwise

Fusion
Level
Basis
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DWT
MAX, GW
2,3,4
haar, db8, db16, sym4, sym8, sym16
coif2, coif4, bior1.3, bior1.5, bior3.1

DTCWT
MAX, GW
2,3,4
Abdelnour et.al. [1]

(a)

(a)

(b)

(c)

(b)
Fig. 6. Illustration of the surveillance camera system (installed at University
of Houston) output and super-resolved image. (a) A frame acquired by the
surveillance camera. The output of PittPatt face detection is marked by a
bounding box. (b) Magniﬁcation of bounding box (PD=11 pixels). (c) SR
image obtained using wavelet-based decomposition with ’db16’ and two
level decomposition.

Fig. 5. Recognition rate for the CMU MultiPIE and XM2VTS datasets.
(a) For the CMU MultiPIE dataset, the sym16 wavelet family ﬁlter (two
level decomposition) and DTCWT with weighting-based fusion resulted in
the best rank-one recognition rate of 99%. There is almost no difference
between HR and WBSR curves. (b) For the XM2VTS dataset, the coif2
wavelet family ﬁlter (two level decomposition) with weighting-based fusion
resulted in 0.81 rank-one recognition rate with small computation time, and
with an additional computation time DTCWT resulted in 0.84 rank-one
recognition rate (HR rank-one is 87% and FRSR is 76%).

zoom camera is automatically controlled to collect high resolution facial images. Persons are detected using background
subtraction and tracked in the ground-plane with a Kalman
ﬁlter. The system repeatedly selects a subject for imaging
to capture a facial image. Facial images can be captured
at distances up to 2550m. HR images of 32 subjects were
obtained using a DSLR camera in a controlled environment
and used as a gallery. Three months later, 32 subjects (34
videos: 32 subjects without glasses and 2 subjects with
glasses) were asked to walk through the surveilled environment, and LR video sequences were captured and used
as probes. Each video has 350-400 frames with a pupillary
distance of 8-12 pixels. Fig. 6 depicts the environment, an
example of a detected face, and the corresponding superresolved image. Once again, we compared different basis
functions, decomposition levels, and fusion methods for
WBSR to maximize recognition performance. Since each
video has a large number of frames, we initially form local
groups based on pose estimates and each group is combined
to generate a single super-resolution image. This results in
several super-resolution images per video. Face recognition is
performed across all SR images and the highest of the scores
is selected. Our results indicate that DTCWT with two level
decomposition and fusion based on general weighted average
results in the highest rank-one recognition.

proposed by Abdelnour et al. [1]. In all, this resulted in 438
different experiments across the two datasets. Fig. 5 depicts
the recognition rates for the WBSR with the optimal combination of fusion algorithm, decomposition level, and the
basis function that resulted in the maximum face recognition
performance.
Next, we compared DWT- and DTCWT-based superresolution algorithms with Fast Robust Super-Resolution
(FRSR) [5], Iterated Back Projection (IBP) [20], and Bicubic
Interpolation (BCI) on both the datasets. For FRSR, we used
the same parameters as Wheeler et al. [28]. Table II summarizes rank-one recognition rates and reconstruction times
for the different super-resolution methods. Note that, WBSR
achieves almost the same recognition rate as the original HR
image with relatively small additional computational cost.
B. Video Sequences: UHBD14
For the second set of experiments, we used LR video
sequences obtained using a version of the Biometric Surveillance System (BSS) [29] installed at the University of
Houston. Persons are detected and tracked using a stationary
wide-ﬁeld-of-view camera and a near-ﬁeld-of-view pan-tilt563

TABLE II
R ANK - ONE R ECOGNITION R ATES AND R ECONSTRUCTION T IME (’-’
ALL

REPRESENTS THAT THE P ITT PATT FACE DETECTOR DIDN ’ T DETECT FACES IN
LR FRAMES ). N OTE THAT THE B ICUBIC I NTERPOLATION REQUIRES LESS RECONSTRUCTION TIME , BUT RESULTS IN LOW RECOGNITION RATE .

H OWEVER , DWT ( SYM 16, 2 LEVEL DECOMPOSITION ) RESULTS IN HIGH RECOGNITION RATE AND IN FAIRLY SHORT RECONSTRUCTION TIME . W HEN
ALLOWING ADDITIONAL RECONSTRUCTION TIME BETTER RECOGNITION RATE CAN BE OBTAINED USING DTCWT FOR BOTH SYNTHETIC AND REAL
DATA .

Database SR Name

LR

HR

FRSR

IBP

BCI

DWT

DTCWT

MultiPIE
XM2VTS
Real Data
Recon Time (s)

66.9%
14.5%
-

100.0%
87.5%
-

94.5%
79.5%
51.6%
38

94.9%
76.9%
46.8%
71

96.0%
77.4%
40.6%
2.6

99.0%
81.5%
51.6%
13

99.0%
84.0%
56.2%
21

Furthermore, we systematically evaluated the best number
of frames to be used for WBSR so as to maximize the gain in
face recognition accuracy. We observed that the recognition
rate is maximized when 8-12 consecutive LR frames are
used as input to WBSR (Fig. 7(a)). Given our surveillance
system, which captures approximately 16.5 frames/sec, this
amounts to video frames acquired for 0.5-0.75 seconds. We
also evaluated the lower bound of image resolution for which
WBSR would generate a super-resolved image that could be
used for face recognition. Fig. 7(b) indicates that there is a
signiﬁcant decrease in recognition rate if the SR frames have
a PD less than 12.
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V. C ONCLUSION
In this paper, we have presented a comparative analysis
of wavelet-based super-resolution using different fusion algorithms for the purpose of face recognition from surveillance video. The wavelet-based methods were compared to
common super-resolution algorithms and the beneﬁts and
limitations were evaluated in terms of the optimal number of
frames to be used for reconstruction as well as the minimum
image resolution of each frame needed in order the obtain
any beneﬁt from super-resolution for the purpose of face
recognition. In general, we found WBSR to perform better
than popular algorithms such as Fast and Robust SuperResolution and with signiﬁcantly lower computational cost.
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Fig. 7. Recognition Rate vs Number of frames and resolution required
for WBSR (a) Number of frames for reconstruction vs. recognition rate.
When two consecutive frames are used for reconstruction 94% of faces
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