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Abstract 

 
A fast super-resolution reconstruction algorithm 

designed for license plate recognition is proposed in 
this paper. It uses a new reduced cost function to 
produce images of higher resolution from low 
resolution frame sequences. Computational cost 
required in this algorithm is much lower compared 
with other methods. The effectiveness of the proposed 
algorithm is demonstrated through blind 
reconstruction experiments with real videos, whose 
result images are nearly equivalent to those yielded by 
classical MAP-based approaches. The presented 
algorithm can be applied in real-time recognition 
systems to improve their performances, and to reduce 
the requirement of imaging hardware. 
 
 
1. Introduction 
 

Super-resolution reconstruction (SR) aiming to 
form a high resolution image by combining multiple 
low-resolution images has received much attention 
these years. By now one main obstacle to the real 
application of this technology is the lack of accurate 
motion estimation of complex movements in general 
videos. However, under certain circumstances a 
simple global motion model could meet our needs. 
One example is the License Plate Recognition (LPR) 
field, in which the movement pattern of object is 
comparatively simple for estimating. 

Most LPR algorithms and commercial LPR systems 
are designed for toll gates, parking lots, or other 
situations, where it is easy to take sharp and large 
plate photographs from vehicles that stay still or move 
in a very low speed. Unfortunately, if we employ such 
systems to identify faster-moving vehicles, plates 
might hardly be recognized because we need to 
consider motion blur problems then. For running 
vehicles, the shorter the distance between the camera 

and the object is, the more severe the motion blur 
becomes. On the other hand, if cameras were stationed 
far away or were zoomed out to avoid blur effect, the 
reduced resolution of plate images would make it even 
harder to recognize.  

Another problem concerns additional information 
attached to the plate, such as province initials (as in 
China, these are Chinese characters), country flag (as 
in Europe), or state identification (as in USA). The 
recognition of such information would require even 
higher quality of images captured for LPR.  

Some institutions, including leading companies in 
this field, developed high-speed systems for fast 
moving vehicles. However, these systems depend 
largely on sophisticated imaging hardware with much 
higher resolution and shutter speed to tackle the 
problem above. They are, of course, very expensive, 
and have hindered the extensive use of LPR system 
for automatic traffic monitoring.  

Employing SR technology to facilitate recognition 
procedure is a promising method. The first article that 
clearly introduced the idea of combing SR and LPR to 
identify moving vehicles was written by Suresh and 
Kumar [2]. However, their Maximum a posteriori 
(MAP) based method is computationally demanding, 
which prevents it from real-time processing. 

A fast MAP-based SR algorithm was proposed by 
Tanaka and Okutomi in [3]. It utilizes a new cost 
function, which greatly reduced the number of pixels 
required for reconstruction. Of course this method can 
be employed directly to enhance the quality of plate 
images, but we will see that the computational cost 
can be further reduced if the SR technology were 
applied specifically for LPR systems. 

Actually for most optical character recognition 
(OCR) applications, the input image of characters 
would be converted into a binary one before feature 
vector extraction. Many details recovered by the SR 
process are useless and would be removed during later 
steps. Accordingly, we propose an optimized fast SR 
approach for moving LPR systems in this paper. This 
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algorithm only costs a small amount of calculation, 
and can be applied in DSP devices for real-time 
processing. In Section 2, we briefly review the 
principle of Tanaka’s fast MAP-based algorithm. In 
Section 3, we describe our method that can produce 
nearly equivalent binary results while cost even less 
computational time. Experiments and results are 
shown in Section 4. Finally, in Section 5, we offer our 
conclusions.  
 
2. Fast MAP-based SR Algorithm 
 

Let us denote by vector f the ideal high resolution 
(HR) image in lexicographical order, which generates 
the observed low resolution (LR) image sequence. 
Each LR image is denoted by vector gk, with k = 1, 
2, …, K. We assume that the size of gk is (M×N)×1, 
and the HR image f is of (PM×PN)×1, where P is 
referred to as the magnification factor. The imaging 
system model that produces each LR image can be 
described as: 

( )k k k k , r r k= +g A H C d f e                   (1) 
In this equation, the warp matrix C(dk,r) of size (PM×

PN) × (PM × PN) represents motion compensation 
operation that maps frame fr to frame fk. This is matrix 
is determined by motion estimation parameter dk,r . Hk 
is a blur matrix of size (PM×PN)×(PM×PN), which 
can describe motion blur and sensor point spread 
function (PSF). The (M×N)×(PM×PN) matrix Ak 
denotes downsampling process, and the estimation 
noise is represented by ek. 

We assume, in this section, that matrices Ak, Hk and 
C(dk,r) are all known before the reconstruction stage. 
For convenience, Eq. (1) can be rewritten in a simple 
form: 

k k,r r k= +g B f e                        (2) 
where Bk,r = Ak Hk C(dk,r). Given these data and some 
prior information, the objective of SR is to estimate an 
accurate approximation of the ideal HR fr. 

Classical MAP-based SR method, which is widely 
used to solve such problems, can be treated as an 
optimization process minimizing certain cost function 
like: 

2
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where bk(xk,l, yk,l) represents the PSF from HR image f 
to gk,l, which denotes the lth LR pixel in image gk for 
position (xk,l, yk,l). For different pixel positions with 
subpixel accuracy, their corresponding PSF varies 
from each other. φc(f) here denotes smoothness 
constraint related to prior information [4]. The 
optimization of this term will penalize ringing noise in 

reconstructed images, and preserve edges and other 
high frequency content simultaneously. 

Most optimization algorithms are iteration-based. 
During each iteration the number of pixels to be is at 
least C = KMN, which includes all the points in LR 
image sequence. Such huge number is the main reason 
that leads to the stupendous computational task of 
classical SR methods. 

A reduced cost function was proposed in [3]. To 
deduce this function, each pixel position in LR images 
should first be mapped to the HR image coordinates. 
Then, these positions are discretized to the center of 
their nearest HR image pixels. We use Rj to denote the 
set of LR pixels corresponding to the jth HR pixel. In 
this set, the average value of LR pixel intensities can 
be obtained using: 

1
∈

= ∑
j

j m
m Rj

h g
ω                 (4) 

where ωj is the number of elements of set Rj. The 
discretization makes PSF vectors for LR pixels 
corresponding to the same HR pixel become identical. 
So the cost function described in Eq. (3) can be 
reduced as: 

2
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this function Ch = PM×PN. That means during one 
iteration only pixels in the HR image need to be 
estimated.  

 
3. Proposed Fast SR for LPR 
 
3.1. Further Reduced Function 
 

The fast MAP-based SR approach described in 
Section 2 is applicable for various kinds of videos and 
for general motion. In the application for LPR, 
however, there exist some special characteristics 
which could be utilized for further cost reduction. For 
example, in most cases the license plate region of the 
image is composed of only two or three different 
colors: a background color, and one or two colors for 
characters. The background color and the colors for 
characters are usually with strong contrast to ensure 
that the message is clear. So when the image is 
converted into a grayscale bitmap before the SR or 
LPR process, there remain only two kinds of 
intensities in the plate region: the dark one and the 
light one, and they will finally be distinguished by 
certain threshold during the binary conversion step. 
We can see that smoothness constraint in Eq. (5) has a 
small effect on the binary image (see Figure 2). In 
other words, this constraint can be omitted. 



In Eq. (5), parameter ωj indicates that the variance 
of noise for hj is proportional to the element number of 
set Rj. Although ωj varies with each individual set, 
here we assume that the stroke shape features of result 
image would be influenced slightly if ω j was 
approximated to be identical to every set. Experiments 
proved this assumption for most cases (see Section 4). 

The further reduced cost function now become: 
2

1
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Since the PSF is space invariant, the optimization of 
Eq. (6) could be treated as a deconvolution problem of 
the following equation: 

h b f e= ∗ +                     (7) 
Vector h is called the average image yielded by 
motion estimation, and by pre-averaging using Eq. (4). 
﹡ is the convolution operator, and vector e denotes 
estimation error. Many deconvolution methods, such 
as Wiener filter, can be used to obtain HR image 
according to the minimum mean square error (MMSE) 
standard. 

 
3.2. Implementation 
 

The overall SR algorithm for LPR is described as 
follows: 

a. Get input sequence g1, g2… gK. Set image gr as 
the reference image. 

b. Locate and extract license plate region from each 
image. The plate extraction problem is not the main 
problem in this paper. Many algorithms can be used to 
solve it [5]. 

c. Estimate motion parameters for the image 
sequence using optical flow equation (OFE) based 
estimation method [6]. Since the license plate is a rigid 
body moving in a stable manner, only global transition, 
rotation, and some zooming caused by perspective 
projection needs to be considered. It means the motion 
can be characterized by a few parameters. We employ 
the affine model here: 

2 1 1 2 1 3

2 4 1 5 1 6

x = a x +a y +a
y = a x +a y +a

                        (8)  

d. Set the magnification factor P, map each LR 
image pixel to its corresponding HR image pixel 
according to the motion parameters that we estimated 
in step c, and calculate the average image h using Eq. 
(4). 

e. Deconvolute image f from average image h 
through Wiener filter. The format of the space-
invariant PSF is determined by the magnification 
factor P: 
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where Z is the normalizing constant. Parameter Q is 
used to control the size of nonzero part of the PSF. 

f. Further enlarge the image using bicubic 
interpolation, and convert it into binary image for the 
subsequent recognition procedure. In this step, the 
interpolation process can make strokes smoother, and 
easier to be identified.   
 
4. Experiments 
 

In this section, we report experimental results of 
the proposed fast SR algorithm. For comparison, we 
also show results obtained by other SR methods. All 
the algorithms have been run in MATLAB. The 
Wiener filter employed in our method was 
implemented by using MATLAB function deconvwnr. 
In order to estimate the performance of these 
algorithms in real application, we used some standard 
image sequences for super-resolution reconstruction, 
and some videos captured by a digital hand-held 
camera for blind reconstruction. Each sequence 
contains 20 up to 30 frames, with unknown motion 
parameters. 

Comparisons of zoom-in reference image and 
reconstructed images using different methods are 
shown respectively in Figure 1. The input sequence 
consists of 30 frames. The magnification factor P is 3, 
and parameter Q is set 2. We can see that both the 
original LR plate image and the interpolated one can 
hardly be identified. The SR methods have improved 
the image quality, and make them possible to be 
recognized. The difference between results of MAP, 
maximum likelihood (ML, another SR algorithm 
similar to MAP with no prior term) and proposed Fast 
SR is slight. Although some ringing artifacts remain 
on image (d) and (e), they tend to be noticeable only in 
some flat regions, and have little influence on the 
reconstructed shape of characters. The binary images 
obtained from Figure 1 (c) – (e) are shown in Figure 2. 
They are nearly the same. 

Figure 3 shows the results of another test. Due to 
the function reduction described in Section 3, there 
exist some grid noises in the result of fast SR. 
However, such noise influenced slightly to the shape 
characteristics. 

All the tests were run in a PC with the Celeron 
CPU (2.66 GHz). The calculation time of the two 
sequences using three SR algorithms are summarized 



in Table 1. It is clear that although three SR methods 
produce similar results, the calculation time of our fast 
method is much less than the other two.  

       

  
(a)                     (b)                    

    
(c)                     (d)                       (e) 

Figure 1. Test of a license plate sequence. (a) 
zoom-in original image. (b) bicubic interpolation. (c) 
ML. (d) MAP. (e) proposed fast SR. 
 

     
(a)                                              (b) 

 Figure 2. Binary results yielded by (a) MAP and 
(b) proposed algorithm. 
 

    
    (a) original                   (b) bicubic 

    
     (b) MAP                       (c) proposed SR    
Figure  3. Results of license plate sequence 
taken by a hand-held camera. 
 

Table  1. Comparison of calculation time 

Resolution Method Calculation 
time (sec) 

MAP 5.83 
ML 5.65 117×78 

(A 2D619) Fast SR 0.86 
MAP 6.08 
ML 5.79 114×81 

(A D2917) Fast SR 0.88 
 
5. Conclusions 
 

In this paper, we introduced a specific fast SR 
algorithm for LPR systems. It was based on the 

optimization of a new cost function, which can 
drastically reduce the calculation task. Blind 
reconstruction experiments using real videos have 
proved that this algorithm can produce plate images 
nearly equivalent to those yielded by classical MAP-
based SR methods, while it has a small computational 
cost and can be employed for real time processing. 
Our method can also be used to improve recognition 
rate of other video-based OCR systems. 
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