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ABSTRACT 
 
Most existing face recognition algorithms require face images with a minimum resolution.  Meanwhile, the rapidly 
emerging need for near-ground long range surveillance calls for a migration in face recognition from close-up distances 
to long distances and accordingly from low and constant resolution to high and adjustable resolution.  With limited 
optical zoom capability restricted by the system hardware configuration, super-resolution (SR) provides a promising 
solution with no additional hardware requirements.  In this paper, a brief review of existing SR algorithms is conducted 
and their capability of improving face recognition rates (FRR) for long range face images is studied.  Algorithms 
applicable to real-time scenarios are implemented and their performances in terms of FRR are examined using the IRIS-
LRHM face database [1].  Our experimental results show that SR followed by appropriate enhancement, such as wavelet 
based processing, is able to achieve comparable FRR when equivalent optical zoom is employed. 
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1. INTRODUCTION 
 
Visible facial features are critical for successful face recognition, which imposes a minimum requirement of resolution 
on the corresponding image acquisition systems [22, 23].  For instance, a resolution of 60 pixels between eyes is 
recommended by a well-know recognition engine FaceIt® developed by Identix [2].  Although PTZ cameras are 
commonly used in indoor and outdoor surveillance systems, most of them provide a maximum optical magnification in 
the range of 20×~30× [3].  From our experiments, this amount of magnification can cover an area with a radius of 20m 
while maintaining the aforementioned resolution.  For long range (>50m) surveillance and target identification, this 
magnification level is insufficient.   
 
There exist hardware and software solutions for an improved resolution.  The hardware approach needs additional 
equipment such as high zoom lenses and/or high resolution CCD’s.  Either choice results in exponentially increased cost.  
In comparison, software based approach relies purely on image post-processing and gains improved resolution from 
temporal relation of consecutive frames.   
 
Super-resolution is one exemplary software based method and has been receiving intensive research interests since the 
pioneer work of Tsai et al. [4] and abundant SR algorithms have been proposed [5, 6, 13-15, 19-21].  In [7], Borman et 
al. reviewed existing SR algorithms and divided them into two categories: frequency domain based and spatial domain 
based methods.  A more detailed and updated review can be found in [8].  In addition to general SR methods, algorithms 
designed particularly for face images also exist in literature, such as hallucinating faces [9] and Eigenfaces [10].  Baker 
et al. employed a pyramid based algorithm to learn a prior of the derivatives and then reconstruct the high resolution 
images [9].  A layered predictor network was employed for face SR based on a Resampling-Maximum Likelihood model 
[11].  Jia et al. addressed the reconstruction of SR face images using multiple occluded images of different resolution 
[12], which is commonly encountered in surveillance videos.  
 
This paper studies and compares the performance of various SR algorithms when applied to long range and high 
magnification face images.  Image sets with different resolutions, measured by the pixel count between eyes, and 



different illumination conditions are selected from the IRIS-LRHM database [1].  Each image set undergoes 
combinations of processing, including SR, SR followed by enhancement, and SR followed by illumination 
compensation.  The processed images sets are then fed into a face recognition engine, which outputs the corresponding 
FRR.  The FRR is compared with the FRR of the unprocessed image sets and image sets with equivalent optical zoom 
achieving the same resolution.   
 
Our methodology of evaluating the performances of various SR algorithms is unique in the following aspects.  (1) 
Performances are compared in terms of FRR instead of visual perception or image quality measures, which are 
commonly used in literature.  (2) The database used in this work is collected from medium to long distances (30f~50f) 
and from medium to high magnifications (10×~20×).  From our knowledge, this is the only database providing long 
range and high magnification face images.  Most existing databases are collected from close distances and with low and 
constant magnifications.  Since the purpose of this study is to examine the limitation of commercial PTZ cameras when 
applied to face recognition, their maximum zoom capability should be used.  (3) In [1], it is shown that high 
magnification images suffer from increased blur and degraded FRR, which imposes additional difficulties on applying 
SR algorithms. 
 
The remainder of this paper is organized as follows.  Section 2 presents a brief review of the implemented SR 
algorithms.  The long range high magnification face database is described in section 3.  Detailed performance 
comparisons are demonstrated in section 4.  Section 5 concludes this paper.  
 

2. SUPER-RESOLUTION 
 
A SR algorithm usually consists of two major steps: registration and interpolation/reconstruction.  In registration, the 
displacement among input frames is estimated.  Based on the estimated transformation, all low resolution images are 
aligned and a high resolution image is then generated by interpolation or deconvolution.   

2.1. Registration 
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where txx +='  [13, 14].  The relation between the amplitudes of these coefficients in the frequency domain can be 
computed as |)(||)(| 12 uu RGG = . 
 
It is obvious that since shifts in spatial domain only affect the phase in the frequency domain, |)(| 2 uG is a rotated 

version of |)(| 1 uG and does not depend on the translation vector t . Marcel et al. computed the Fourier transform of the 

spectra, |)(| 1 uG  and |)(| 2 uG , and computed the rotation angle as the phase shift between these two [13].  Vandewalle 

et al. computed the frequency content h  as a function of the angle a by integrating |),(| qrG  over radial lines [5]: 
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The gradient based registration (GBR) utilizes Taylor expansions [19]: 
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The approximation error is then given by: 
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which is to be minimized with respect to translation and rotation. 

2.2. Interpolation/Reconstruction 
 
The Papoulis-Gerchberg (P-G) algorithm proceeds iteratively as follows [15].  The starting point is an initial high 
resolution image, which may be obtained from cubic spline interpolation.  (1) The image is transformed into the 
frequency domain.  (2) Its high frequency coefficients are set to zero.  (3) Afterwards, inverse Fourier transform is 
applied to these modified frequency coefficients.  (4) There are some pixels in the high resolution image that have a 
direct projection from the low resolution images.  The values of these pixels in the reconstructed image are changed back 
to the values in the low resolution images.  Repeat the process until there are no significant changes in the pixels values. 
 
Constraint least squares (CLS) method is a deterministic regularization approach which solves the inverse problem from 
the observation model.  This is accomplished by using prior information about the solution which can help to make the 
problem well-posed [8].  Denote the high resolution image as f and a set of low resolution images as gk, k=1,…,p, where 
p is the total number of available low resolution images. Mathematically the CLS method can be described as follows: 
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which leads to the following iteration solving for f̂ : 
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where Wk represents an up-sampling, blur, and warping operator, L represents high frequency information, typically a 
high-pass filter, and l  is the regularization parameter, which governs the smoothness of the final result . Larger values 
of l  will result in a smoother solution, while smaller values imply the opposite. Convergence is regulated by b . 
 

3. FACE DATABASE 
 
The IRIS-LRHM database contains frontal view face images collected with various system magnifications (10×~375×), 
observation distances (10m~300m), indoor (office roof light and side light) and outdoor (sunny and partly cloudy) 
illuminations, still/moving subjects, and constant/varying camera zooms.  Small expression and pose variations are also 
included, closely resembling the variations encountered in uncontrolled surveillance applications. 
 
The indoor still images are collected at uniformly distributed distances in the range of 30f to 52f with an interval of 3f 
approximately.  The corresponding system magnification varies from 10× to 20× with an increment of 2×, achieving an 
approximately constant face image size to eliminate influences of resolution.  The indoor video sequences are recorded 
under the following three conditions: (1) constant distance & varying system magnification, (2) varying distance (the 
subject walks at a normal speed towards the observation camera) & constant system magnification, and (3) varying 
distance & varying system magnification.  Conditions 1 and 2 concentrate on the individual effect of camera zooming 
and subject motion while the combined effect can be observed in condition 3.  In addition, system magnification is 
varied so that a constant face image size is obtained in condition 3.  These video sequences provide us face images with 



continuously varying resolutions under different imaging conditions.  Our unprocessed image sets with uniform 
illumination are selected from these sequences. 
 
The above still images and video sequences are collected under fluorescent roof lights with full intensity (approximately 
500Lux) and include a certain degree of illumination changes caused by the non-uniform distribution of the roof lights.  
The IRIS-LRHM database also considers large amount of illumination changes under high magnification.  A halogen 
side light (approximately 2500Lux) is added and a sequence is recorded as the intensity of the roof lights is decreased 
from 100% to 0, which creates a visual effect of a rotating light source.  Frames from this sequence are used for 
experiments regarding non-uniform illumination. 
 
The high resolution gallery images are collected by a Canon A80 camera under controlled indoor environment from a 
distance of 1.5f.  The image resolution is 2272×1704 pixels and the camera’s focal length is 114mm (magnification: 
2.28×). 
 

4. EXPERIMENTAL RESULTS 
 
In this section, we examine the performance of SR algorithms in term of FRR.  A variety of combinations of image sets 
and algorithm parameters is tested.  Image sets with various pixel counts between eyes and different illumination 
conditions are used.  These are two decisive factors for successful face recognition.  The magnifications, distances, and 
pixel counts tested in our experiments are 10×~20×, 30f~52f, and 35 pixels~85 pixels, respectively.  Algorithm 
parameters such as the super-resolution factor (the ratio between the width/height of the output and input images) and the 
number of input frames are also varied. 
 
Before continuing with our discussions, we define the following notations.  The probe with face images taken at a 
magnification of Mag, a distance of Dist in foot, and with a pixel count between eyes Count is denoted as 
Mag×DistfCountp.  A SR implementation with a SR factor of M and using N consecutive frames is denoted as SR(M,N).    
Table 1 summarizes the experiments we carried out. 
 

Table 1 Experiment specifications. 
 

Uniform illumination 10×52f35p, 10×44f48p, 10×30f60p, 15×44f60p, 20×44f85p 
Image set 

Non-uniform illumination 20×52f60p 
Registration methods Marcel [13], Keren [14], Vandewalle [5], GBR [19] 
Interpolation methods Cubic spline [5], Non-uniform [6], P-G [15], CLS [8] 

SR factor 2, 4 
Number of input frames 4, 8 

 
We employ FaceIt® [2] as our evaluation tool and focus on the overall cumulative match characteristic (CMC) measure 
for a numerical comparison of various CMC curves.  The CMC measure is a quantified measurement of a CMC curve 

defined as � =
=

K

i iCMC iCQ
1

/ [1], where K is the number of ranks considered and Ci denotes the percentage of probes 

correctly recognized at rank i.  In the following experiments, 10=K  is assumed. 
 
From our experiments, the SR algorithm based the Vandewalle registration method and the cubic spline interpolation 
method outperforms other tested algorithms.  Therefore, to save space, in the following discussion, only the performance 
of this particular implementation [5] is illustrated. 
 

4.1. Probes with uniform illumination 
 
In the first experiment, the same set of gallery images (collected by a Canon A80 camera) is compared against probe sets 
with different pixel counts and processed by SR(2,4).  Figure 1(a)-(f) show sample images of the same subject from each 



probe set.  Figure 1(g) depicts the resulting CMC curves and Table 2 summarizes the CMC measure and compares the 
improvement.  Only the experimental results of the 10×52f35p, 10×30f60p, and 20×44f85p data sets are demonstrated.  
Similar observations apply to other data sets. 
 
For probes with a pixel count less than 60 pixels, obvious improvement in FRR is achieved by exploiting SR, indicated 
by an absolute increase of 11.5% in CMC measure.  However, as the pixel count increases, this improvement decreases.  
When the pixel count exceeds 85 pixels, the absolute increase in CMC measure drops to 5.8%.  With further increased 
pixel count, the advantage of using SR diminishes. 
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Figure 1 CMC comparisons across probes processed by SR(2,4) using images sets with different pixel counts.  Original 
low resolution images: (a) 10×52f35p, (b) 10×30f60p, and (c) 20×44f85p.  SR images: (d) 10×52f35p, (e) 10×30f60p, 
and (f) 20×44f85p.  (a)-(c) are shown in 60% of the original image size and (d)-(f) are shown in 30% of the original 
image size.  (g) CMC curves. 
 



Table 2 CMC measure comparison across probes processed by SR(2,4) using images sets with different pixel counts. 
 

 10×52f35p 10×30f60p 20×44f85p 
Original 20.0 58.7 69.6 
SR(2,4) 31.5 67.0 75.4 

Improvement 11.5 8.3 5.8 
 
In the second experiment, FRR performances are compared among probes processed by SR algorithms with different 
choice of parameters.  The experimental results of the 10×52f35p (Figure 2(a)-(c)) and 10×30f60p (Figure 2(d)-(f)) data 
sets are demonstrated in Figure 2(g) and Table 3.  We observe that increasing the SR factor or the number of input 
frames leads to a marginal degradation in performance for the 10×30f60p and 20x44f85p data sets.  With a SR factor of 
two, for a sequence with 35 pixels between eyes, the resulting pixel count is increased to 70 pixels, which already 
exceeds the minimum requirement of 60 pixels.  Further increases in SR factor do not bring in valuable facial details and 
thus are unable to yield improved FRR.  Generally speaking, for a larger SR factor, more input frames are needed.  As to 
our case with a SR factor of two, four input frames are sufficient.  More input frames may introduce extra errors in 
registration and in turn result in decreased FRR.  Face images with a even smaller pixel count may require SR algorithms 
with a higher SR factor and more input frames. 
 
Finally, we apply enhancement algorithms aiming at a further improved FRR.  The backbone unsharp masking (UM) 
algorithm [16] is implemented and its performance serves as a comparison reference.  The enhancement algorithm 
recommended in [1] for long range and high magnification face images is applied.  Two probes are super resolved and 
then enhanced by UM and wavelet UM, respectively.  Four reference probes are used: (1) the unprocessed face image 
set, (2) optical zoomed face image set with the same pixel count between the eye as the SR processed images, (3) image 
set processed by wavelet UM only, and (4) image set processed by SR only.  Figure 3 shows the processed face images 
and the resulting CMC curves, with the corresponding CMC measure listed in Table 4. 
 
The wavelet based processing has proved efficient and robust for enhancing long range and high magnification face 
images [1].  Compared with SR, it yields marginal improvement for face images with a pixel count less than the 
minimum requirement.  However, it can substantially elevate the FRR of super resolved face images and leads to an 
absolute increase of 17.7% in CMC measure.  The combination of SR and wavelet UM achieves comparable FRR as the 
optical zoomed probe, which manifest the feasibility and effectiveness of using purely software based approach to 
increase face resolution. 
 

4.2. Probes with non-uniform illumination 
 
In this section, the first frame from the sequence with illumination change is used as the gallery.  Probes are images with 
non-uniform illumination and processed by illumination compensation algorithms or a combination of SR and 
illumination compensation.  We employ algorithms from a class of well-known illumination normalization techniques, 
namely Jobson et al’s single scale retinex (SSR) [17] and Wang et al’s Self Quotient Image (SQI) [18].  Sample images 
are illustrated in Figure 4(a)-(e).  The resulting CMC curves and CMC measure are shown in Figure 4(f) and Table 5. 
 
Because of the increased resolution gained from SR, the FRR of probes with non-uniform illumination also improves.  
An absolute increase of 7.3% and 18.8% is obtained by introducing SR to SQI and SSR algorithms, respectively.  The 
use of SR algorithms also reduces the performance difference between the SSR and SQI algorithms.  The dependence of 
FRR on the selection of an appropriate illumination compensation algorithm for non-uniformly illuminated images 
diminishes. 
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Figure 2 CMC comparisons across probes processed by SR methods with different selection of parameters.  SR images 

for the 10×52f35p set: (a) SR(2,4), (b) SR(4,4), and (c) SR(2,8).  SR images for the 10×30f60p set: (d) SR(2,4), (e) 
SR(4,4), and (f) SR(2,8). (a), (b), (d), and (e) are shown in 30% of the original image size.  (c) and (f) are shown in 15% 

of the original image size. (g) CMC curves. 
 

Table 3 CMC measure comparison across probes processed by SR algorithms with different selection of parameters. 
 

 10×52f35p 10×30f60p 20×44f85p 
Original 20.0 58.7 69.6 
SR(2,4) 31.5 67.0 75.4 
SR(4,4) 31.5 63.1 72.5 
SR(2,8) 38.8 62.5 70.1 
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Figure 3 CMC comparisons across processing methods using the 10×52f35p image set.  (a) Wavelet UM processed 

image, (b) SR+UM processed image, (c) SR+wavelet UM processed image.  (a) is shown in 60% of the original image 
size and (b)-(c) are shown in 30% of the original image size.  (d) CMC curves. 

 
Table 4 CMC measure comparison across probes processed by different combination of SR and enhancement algorithms. 

 

Probe 10×52f35p Wavelet UM SR SR+UM SR+ 
Wavelet UM 

Optical zoom 
20x52f60p 

CMC 
Measure 

20.0 22.3 31.5 40.8 49.2 58.8 

 
 

5. CONCLUSIONS 
 
In this paper, we conducted a brief survey on existing SR methods.  The performance of several SR algorithms were 
compared under a variety of testing conditions, such as image sets with different pixel counts between eyes and SR 
algorithms with different selection of parameters and/or in conjunction with various image enhancement techniques.  
Based on our experimental results, we could conclude that for face images with uniform illumination and a pixel count 
less than 85, SR is able to improve the overall FRR and achieves comparable performance as images with equivalent 
optical zoom when further enhanced via wavelet based processing.  SR also improves the FRR for images with non-
uniform illumination and reduces the performance gap among different illumination compensation algorithms. 
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Figure 4 CMC comparisons across various processing methods using the image set with non-uniform illumination.  (a) 
Original low resolution image, (b) SSR processed image, (c) SQI processed image, (d) SR+SSR processed image, (e) 

SR+SQI processed image.  (a)-(c) are shown in 60% of original image size and (d)-(e) are shown in 30% of the original 
image size.  (f) CMC curves. 

 
Table 5 CMC measure comparison across probes processed by different combination of SR and illumination 

compensation algorithms. 
 

 Original SR+SQI SR+SSR SQI SSR 
CMC Measure 51.0 90.8 84.7 83.5 65.9 
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