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Chapter 1

Prelude1

1.1 Purpose

To develop an algorithm for extraction of license plate numbers from still photos of stationary cars.

1.2 Methods

We divided this project into two sections- Image Processing and Support Vector Machine (SVM) Training:

• We take picture of a still car (from either front or back), compress and crop out to speed up the process,
localize the plate position and extract the letters into individual binary matrices.

• We take each of the matrix generated in the previous process and use the SVM algorithm to distinguish
which letter exactly it is.

1.3 Applications

This algorithm can be integrated to the related vehicle identi�cation applications such as:

1. Parking lot registration
2. Tra�c violation tracking
3. Vehicle surveillance

1This content is available online at <http://cnx.org/content/m33154/1.2/>.
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Chapter 2

Image Processing - License Plate

Localization and Letters Extraction1

The general method we used for extracting the license plate letters out of a picture was:

Figure 2.1: Overall method for �nding license plate letters/numbers.

1. Compression and Cropping: decreases the size of the photo and and blacks out areas that de�nitely
do not contain license plate.

2. License Plate Localization: determines the location of the plate in the photo
3. Letter Extraction: searches within the plate for the plate letters/numbers and copies them out of

the photo.

Following is an explanation of the individual sections. Included are also images showing the e�ects of each
section on the following picture:

1This content is available online at <http://cnx.org/content/m33156/1.2/>.
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AND LETTERS EXTRACTION

Figure 2.2: Original image.

2.1 Compression and Cropping

In order to decrease image processing time, we �rst compress all pictures to a standard size and black out
all areas that are de�nitely not license plates. The size we chose was 640px by 480px, the smallest size at
which we could still reasonably read the license plates.

To determine which areas were de�nitely not license plates, we realized that the typical Texas plate
contained red, blue, and white as major colors. Therefore, we focused on these two colors, making our
cropping algorithm:

1. Separate the JPEG picture into its three layers of red, green, and blue.
2. Consider the area around a blue pixel, and black it out if the density of red is lower than a certain

threshold value.
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Figure 2.3: Compressed and cropped image (Note the black areas around the right and bottom of the
photo).

2.2 License Plate Localization

Once we determined which areas possibly contained license plates, we looked in those areas for the plates
themselves. We determined that most plates contain dark letters on light backgrounds and so looked for
areas of high contrast.

Our �nal algorithm looked as follows:

1. Turn the cropped photo into black-and-white for easier di�erentiation between dark and light spots.
2. Filter the image to remove noise (single-pixel white spots).
3. Locate the license plate position by scanning the photo vertically. We expect a row running through

the license plate row to have a maximum number of individual dark spots, or "clusters." Therefore, we
�nd and store the two rows in the image with that contain the most clusters.

4. To �nd the horizontal position of the plate, scan the picture horizontally by moving a square window
from left to right and counting the number of clusters inside. The �nal position of the license plate is
square that contains the greatest number of clusters. If any two squares contain the same number of
clusters, the two are merged together.
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AND LETTERS EXTRACTION

Figure 2.4: Close-up of the license plate as determined by the algorithm.

2.3 Letter Extraction

To �nd the letters on a license plate, we �rst determined some identifying characteristics:

1. Usually, and always on Texas plates, the letters of the plate are dark on a light background.
2. The letters are uniform in height
3. The letters all occur in approximately the same area.
4. There are usually between 3 and 7 letters on a plate.

These characteristics give us the form for our letter extracting algorithm.

1. From the plate-locating algorithm, we have a small 200px by 200px image that contains the car's license
plate.

2. We convert the image into grayscale for easier processing.
3. We locate all the dark (low intensity) spots in the picture that are surrounded by light (high intensity)

spots. We determine the separation between these dark spots and give each individual spot a label.
4. Compare the sizes of the spots and look for about six that have the same height. These six spots are

the letters on the plate.
5. Save the pixels that make up the letters into their individual matrices.

We tried this algorithm and found that it worked for all images for which the plate-locating algorithm
returned an image containing the entire plate.
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Figure 2.5: Letters extracted from the photo.
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Chapter 3

SVM Train1

3.1 The Math and Algorithm

For digit recognition, we use Support Vector Machine (SVM) as a learning machine to perform multi-class
classi�cation.

The way SVM works is to map vectors into an N-dimensional space and use an (N-1)-dimensional hy-
perplane as a decision plane to classify data. The task of SVM modeling is to �nd the optimal hyperplane
that separates di�erent class membership.

Example 3.1
Let's take a look at a simple schematic example where every object either belongs to GREEN or
RED.

Figure 3.1: Picture from: Chih-Chung Chang and Chih-Jen Lin, LIBSVM : a library for support vector
machines, 2001.

SVM �nds the line de�ning the boundary between the two types. Then, it can classify a new
object by looking at on which side of the line it falls.

However, it is unlikely that we can always have a linear dividing boundary. Rather than �tting
nonlinear curves to the data, we can map each object into a di�erent space via a kernel function
where a linear dividing hyperplane is feasible.

1This content is available online at <http://cnx.org/content/m33159/1.2/>.
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Figure 3.2: Hyperplane classifying the two cases (Picture from: Chih-Chung Chang and Chih-Jen Lin,
LIBSVM : a library for support vector machines, 2001.)

The concept of the kernel mapping function is so powerful that SVM can perform separation
with very complex boundaries. The kernel function we use in this project is radial basis function
(RBF).

3.1.1 SVM Working Principles

• Vectorize each instance into an array of features (attributes).
• Model with training data to �nd optimal dividing hyperplane with maximal margin.
• Use SVM to map all the objects into a di�erent space via a kernel function (see Figure 3 for examples).
• Classify new object according to its position with respect to hyperplane.
• Errors in training are allowed while the goal of training is to maximize the margin and minimize errors.

Namely, �nd the solution to optimization problem in Figure 4, where x is the attribute, y is the object
label, ξ is the error and φ is the mapping function.
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Figure 3.3: A few examples on the kernel functions; for our case we choose the radial basis function
(RBF)

Figure 3.4: Find a hyperplane with the maximized margin space to split the two classes. (Equation
from: Chih-Chung Chang and Chih-Jen Lin, LIBSVM : a library for support vector machines, 2001.)

3.2 Methods and Running Routines

1. Collect the matrices obtained from the Image Processing section and label each of the instances.
2. Select a reasonable amount as the training set, and the rest as the testing set, with a balanced choice

for each of the instances.
3. Feed the training set into the SVM-train process to generate a model. This calculation takes time, but

it only needs to be done once.
4. Now we're ready to make predictions to a given license plate! An input of labeled data will give us the

accuracy of this algorithm; an unlabeled instance can also be fed in to see the prediction.

note: The SVM library we used is available at: http://www.csie.ntu.edu.tw/∼cjlin/libsvm
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Chapter 4

Conclusions1

4.1 Results

We were able to successfully locate the license plate in about 70% of our sample pictures, and of the characters
we extracted, we were able to recognize them with about 72.7% accuracy (619 sets of training data).

4.2 Future Improvements

4.2.1 Compression and Cropping

Since we were targeting Texas plates, which only have red, blue, and white colors, we were able to black out
many parts of the images by wiping out all green regions. In the future, however, we would like to be able
to recognize plates not from Texas that might have green components. Therefore, we should �nd a criteria
for �nding the plates other than color.

4.2.2 Letter Recognition

Acquiring State Pattern and Convention Attributes
In many license plates, it is di�cult to tell the di�erence between a zero and an O, even for a human.
Therefore, for the purposes of this project, zeros and Os were considered the same. However, in many states,
it is actually possible to tell the di�erence because the license plate has a set pattern (e.g., 2 letters, 2
numbers, 2 letters). In the future, we could identify what state the plate comes from and then make use of
this knowledge to get more accuracy in letter recognition.
Multi-class Support Vector Machine
In addition, one of the characteristics of SVM is that is solves a two-class problem. In order to get around
this, for our project, we used a one-against-the-rest approach. This meant that we basically used the SVM
machine to answer the question, "Is this a __?" 35 (A-Z, 1-9) times for each unknown letter/digit. In the
future, we will want to look at more e�cient and accurate methods. One of the possible improvement can
be found in the work by T.-K. Huang, R. C. Weng, and C.-J. Lin. Generalized Bradley-Terry Models and
Multi-class Probability Estimates. Journal of Machine Learning Research2

Automated Training Set Generation and Extraction E�ciency
Finally, currently, any digit that we feed into the SVM will register as something; we have no way of telling
whether the image is in fact a letter/digit. In the future, we would like to train the machine to be able to
tell characters from non-characters. This will allow less rigorous (and time-consuming) computation in the
image-processing section and give our algorithm greater �exibility.

1This content is available online at <http://cnx.org/content/m33160/1.3/>.
2http://www.csie.ntu.edu.tw/∼cjlin/libsvmtools/#9
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