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ABSTRACT 
 

This paper presents a high-resolution image reconstruction 
method from low-resolution image sequence. It is difficult 
to recognize details from a low-resolution image because of 
severe aliasing and poor image quality, hence recognition 
from the low-resolution image may result in false 
recognition decision. In order to improve the recognition 
performance, the proposed method performs a 
reconstruction-based super-resolution technique as a pre-
processing. Then, we adopt a learning-based super-
resolution technique to make high-resolution images. The 
proposed method also considers the illumination change 
between an input image and training images. To verify the 
accuracy and reliability of the proposed method, 
experiments and numerical analyses were performed with 
several video sequences of a moving car that simulate real 
surveillance systems.  
 
Index Terms— High-resolution image reconstruction, 
license plate recognition, recognition reliability analysis, 
super-resolution.  

 
1. INTRODUCTION 

 
Surveillance systems are getting more important in recent 

years. They can provide very important information about 
objects such as criminals and license plates. However, low-
resolution images which cannot provide helpful information 
are often obtained due to the high cost and constraints of 
imaging devices. Hence, high-resolution image 
reconstruction is needed to utilize critical information. 

The super-resolution reconstruction technique can provide 
a high-resolution image from multiple low-resolution 
images [1]. The super-resolution reconstruction is usually 
more efficient rather than image interpolation methods that 
use only one low-resolution image.  

In real video sequences, viewpoints of objects in 
consecutive image frames often vary. Hence, in order to 
adapt the super-resolution techniques to multi-view images, 
a geometric transformation to a reference image plane 
should be considered. If the geometric transformation is not 
accurate, the super-resolution reconstruction cannot 

improve the resolution well due to the transformation error. 
Hence, an accurate iso-plane transformation is required. Our 
previous work [2] proposed a robust random sample 
consensus (RANSAC) criterion and a weighted homography 
estimation to accurately transform images. In [2], low-
resolution images of a surveillance video sequence turn into 
a recognizable high-resolution image.  

This paper presents a combination of super-resolution 
techniques to make an automatic license plate recognition 
system. The license plate recognition from low-resolution 
images often results in an incorrect recognition decision. 
Therefore, the proposed method performs a reconstruction-
based super-resolution before recognition.  

The paper is organized as follows. The proposed high-
resolution reconstruction from low-resolution images is 
described in Section 2. In Section 3, the experimental 
results and numerical analyses are shown, and the paper is 
concluded in Section 4. 

 
2. HIGH-RESOLUTION IMAGE 

RECONSTRUCTION 
 

Multiple low-resolution images which are shifted with 
subpixel precision can be used for the reconstruction-based 
super-resolution. They look similar but each image has 
different spatial information. Hence, using an observation 
model between a high-resolution image and low-resolution 
images, the reconstruction-based super-resolution can 
recover image details that are not visible in the low-
resolution images [1]. However, Baker and Kanade [3] 
showed that performance of the reconstruction-based super-
resolution gets worse as the magnification factor increases. 

In [3], a learning-based super-resolution technique which 
contains recognition-based priors was introduced. 
According to [3], unknown pixels are hallucinated by 
selecting the closest parent structure vector from a training 
data set. Experimental results on human face images showed 
that their algorithm outperformed the traditional super-
resolution techniques. However, like the reconstruction-
based super-resolution, learning-based super-resolution also 
has limitations when the magnification factor increases. The 
learning-based super-resolution with high magnification 
factor occasionally yields discontinuity between neighbor 
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blocks due to the incorrect recognition decision. In addition, 
some parts of images do not look like the corresponding 
original images [3].  

Fig. 1 shows the overall flowchart of the proposed high-
resolution image reconstruction. The reconstruction-based 
super-resolution and the learning-based super-resolution 
techniques are performed in a sequential way. Details of 
each procedure are described in the following subsections. 

 

Feature extraction (SIFT) & matching

Select inliers (RANSAC)

Transformation into a reference plane

Subpixel registration & valid data selection

Reconstruction-based super-resolution

License plate cropping & skew estimation

Learning-based super-resolution

Recognized High-resolution Image

Resolution-enhanced Image

Video frames and a template

 
Fig. 1. Overall flowchart of the proposed high-resolution 

image reconstruction method. 
 

2.1. The reconstruction-based super-resolution  

Frames in a video sequence or images of different 
viewpoints are used for the super-resolution reconstruction, 
where a template can be defined to enhance a particular 
region in the images. In order to make iso-plane images 
from the input images, we adopt 2D homography, which 
needs a set of corresponding points between the template 
and the input images. The scale invariant feature transform 
(SIFT) [5] is adopted to find the corresponding points 
between the template and the input images.  

Even if the SIFT is robust to variation of scale and rotation, 
there may be some incorrect corresponding points. The iso-
plane images may be distorted if some incorrect 
corresponding points are included in the estimation of the 
homography matrix. Hence, the robust random sample 
consensus (RANSAC) [2] is used to match the features from 
the template and input image, where the matches from the 
SIFT process are classified into inliers and outliers. It 
considers not only the geometric distance, but also the 
confidence level of the matching features. The confidence 
level )( pC in [2] is defined as follows, 
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where )( pfcorrect
 and )( pfincorrect

 are the probabilities of the 
correct and incorrect matches from training data, 
respectively, where p  is determined according to the SIFT 
matching parameter [2]. The confidence level plays a role of 
a weighting constant that controls the reward-penalty 
balance according to confidence in the image description.     

Using inliers selected from the robust RANSAC, the 
homography matrix is computed. In order to reduce the 
transformation distortion, each inlier contributes to 
estimation of the homography according to the confidence 
level [2].    

Once the iso-plane images are obtained by using the 
homography matrix, a phase correlation method is applied 
to the iso-plane images for subpixel registration [6]. Super-
resolution reconstruction requires low-resolution images 
adequately shifted with subpixel precision. Among many 
image frames from a video sequence, the images that are 
closest to the optimal shifts are selected as valid images. 
Using the valid images, the reconstruction-based super-
resolution [2] is performed to reconstruct the resolution-
enhanced image. 
 
2.2. The learning-based super-resolution  

The resolution-enhanced image from reconstruction-based 
super-resolution is used as an input of the learning-based 
super-resolution technique. In this paper, the super-
resolution is applied to enhance and recognize the numbers 
in license plates. Therefore, a license plate region is 
cropped from the resolution-enhanced image for the 
learning-based super-resolution [7]. Also the cropped image 
is rotated to be aligned in the horizontal direction.  

In the learning-based super-resolution technique, multi-
scale derivative features defined in [3] are used. In this 
approach, the images are decomposed into three types of 
pyramids; Gaussian pyramids )(IGl

, Laplacian pyramids 

)(ILl
, and feature pyramids, where l denotes the level of 

pyramids. Then, the pyramid of features is defined as 
follows,  
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where )(IH j

and )(IVj
are the horizontal and vertical first 

derivatives of )(IGl
, respectively and )(2 IH j

and )(2 IVj
are 

the horizontal and vertical second derivatives of the )(IGl
, 

respectively [3]. N denotes the highest level of the pyramids. 
For a given low-resolution image pixel, the closest pixel in a 
collection of training data is selected, where “the closest” 
means that both the Laplacian and the image derivatives are 
approximately same at all scales. As defined in [3], the 
parent structure vector is used for the selection.  

))
2

,
2

)(( , . . . ),
2

,
2

)(( ),,)(((),)(( 111 NNNlll

nm
I

nm
InmInmI FFFPS (3) 

In [3], however, it was assumed that the illumination 
condition between the training and the input images is 
approximately the same. However, the proposed method 
considers the illumination changes between the training and 
input images. When the brightness of an image varies, the 
histogram of the image is shifted but its distribution shape is 
maintained. Also, the histogram of an image with contrast 
change is just stretched or shrunk while the distribution 
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shape is maintained. Hence, different illumination 
conditions are compensated using histogram adjustment. 
For a low-resolution input image L , an i-th training image 

iT  is transformed to the illumination-compensated image 'iT  
as follows, 

)(),(),(' minmax
minmax

min
min uu

vv
vyxT

uyxT i
i

       (4) 

where minu and maxu are the minimum and the maximum 
intensity values of the L, respectively, and minv and maxv are 
the minimum and the maximum intensity values of 

iT , 
respectively. x and y denotes the image coordinates. Then, 
the histogram of the training image which may differ from 
that of the low-resolution image is compensated. Given the 
low-resolution image L of level k, we find 

||),)('(),)((||minarg
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nmTnmLj PSPS and copy all 

information from )'(0 iTPS into )(0 LPS to reconstruct the 
high resolution image of the highest level [3].     

High-resolution images of license plate were collected and 
the training images that contain a number were generated. A 
ratio of number-regions in frontal license plates is usually 
fixed in Korea. Hence, the cropped license plate image can 
be divided into four number-regions according to the ratio, 
and each number-region image creates the parent structure 
vector. According to the recognition procedure which finds 
the most similar parent structure vector, the best image in 
the training set for each number-region image is selected. 
Using the recognition results, we make the ultimate high-
resolution image.  

To evaluate the confidence of the recognition results, a test 
measure R which is based on the sum of absolute 
differences (SAD) between the input image and training 
images are used as follows. 

A
E

R                                      (5) 

where E is the lowest SAD value between the input image 
and the training images, and A is the average of the 
remainder. If the lowest error is much smaller than the 
average of other errors, which means that the number-index 
of the training images with the lowest error is selected more 
strongly, R has low value. Otherwise, R is close to one. 
Hence, the recognition decision is more reliable as R 
decreases. 

 
3. EXPERIMENTAL RESULTS 

 
The proposed super-resolution technique was applied to 

real video sequences that simulate surveillance systems. 
Video sequences were obtained from a video camera where 
the camera position was fixed and a car moved.  
 

3.1. The results of the reconstruction-based super-
resolution 

The image resolution of a video sequence was 720 × 480 
pixels for 45 input frames, and a template of 96 × 37 pixels 
was selected from the input image, as shown in Fig. 2. Fig. 
3 shows the results of the reconstruction-based super-
resolution. Fig. 3(a) is a low-resolution image and Fig. 3(b) 
is its bicubic interpolation result. Fig. 3(c) is the result from 
our previous super-resolution method [2] which is much 
clear. The bottom of each part shows the enlarged license 
plate image. Figs. 3(d)-(f) are the results of another 
sequence.  

 

Template1st frame

45th frame  
Fig.2. Image frames and the template of a video sequence 
 

3.2 The results of the learning-based super-resolution 

We conducted two experiments to verify the validity of 
combining two super-resolution techniques. The first 
experiment used the resolution-improved image (Fig. 3(c) 
and (f)) as the input of the learning-based super-resolution 
and the second one used the low-resolution image (Fig. 3(a) 
and (d)) as the input image. The latter is the case of the 
higher-factor super-resolution. The recognition results of 
the sequence in Fig. 2 are correct for both experiments. In 
other words, the learning-based super-resolution correctly 
recognizes that the license plate number is “7911”. 
However, their recognition reliabilities may be different 
because the two input images have different conditions in 
terms of image resolution and image quality. Fig. 4 shows 
the R values for each case. The R values of each result using 
the resolution-improved image are lower than those of 
results using the low-resolution image, which means that it 
is more stable and reliable when the resolution-improved 
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image is used as the input. In Fig.4, the gray bars represent 
the R values when the input is the resolution-enhanced 
image with considering illumination compensation, which 
are lower than those without considering illumination 
condition.   

 

(b)

(a)

(c)

(e)

(d)

(f)  
Fig. 3. Resolution-enhanced images and their license plate 

regions: (a) and (d) low-resolution images, (b) and (e) 
bicubic interpolation results of (a) and (d), respectively, 

(c) and (f) resolution-improved images from [2]. 
 
We also conducted the same experiments using the 

resolution-improved image of Fig. 3(f) and the low-
resolution image of Fig. 3(d). The recognition result was 
correct when the resolution-improved image was used but 
the recognition using the low-resolution image selected the 
numbers incorrectly. Fig. 5 shows the overall results of our 
experiments. The “9950” image in Fig. 5(a) shows the false 
recognition of this experiment whereas the correct number 
is “7758”. In this case, the R values of these experiments are 
relatively high. The results of these experiments support that 
the combination of the reconstruction-based super-
resolution and the learning-based super-resolution is 
effective for both resolution enhancement and robust 
recognition.  

 
4. CONCLUSION 

We performed high-resolution image reconstruction. We 
aimed an automatic license plate recognition system from 
low-resolution images which are hard to discern. In order to 
make a high-resolution image, super-resolution techniques 
have been used widely. However, the reconstruction-based 
super-resolution and the learning-based super-resolution 
become more difficult when the magnification factor 
increases. The reconstruction-based super-resolution yields 
an overly smoothed image, which means that high frequency 
components cannot be reconstructed well. Also, the 
learning-based super-resolution leads to discontinuity and 
incorrect recognition. In the proposed method, the 
reconstruction-based super-resolution and the learning-

based super-resolution are performed in a sequential way in 
order to make a stable recognition. In conclusion, we 
confirmed that the combination of two super-resolution 
techniques is effective to recognition systems of low-
resolution images. 

1st number 2nd number 3rd number 4th number
0.0

0.2

0.4

0.6

0.8

R

 Input : Low-resolution image
 Input : Resolution-improved image 
 Input : Resolution-improved image / Illumination compensation

 
Fig. 4. R values of the sequence of Fig. 2 

 

(a) (b)  
Fig. 5. Results of the recognized high-resolution images: 

(a) the low-resolution image is used as the input, (b) the 
resolution-improved image is used as the input. 
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