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Abstract
The University of Wisconsin-La Crosse visits regional high schools and, as part of their recruitment effort, asks students to fill out a form that collects information about a students
contact information, GPA, ACT and academic interests. These cards are then hand-entered
into a central database for further recruitment efforts. This project describes the design of
a semi-automated system to extract information from these Student Information Cards. The
project addresses two central problems: extracting handwritten markings from the surrounding form and recognizing the extracted handwritten characters. In the extraction phase we
mark feature points in a template image and perform image registration with respect to these
features. Image subtraction yields an approximate result that is later refined via specialized
ad-hoc filtering rules. The form fields are then fed into a custom character recognition engine
and are semantically checked against a dictionary to improve the overall recognition rate.
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Introduction

The Admissions Office at UW-L collects information regarding potential students by visiting
high school career fairs across the region and having students fill out information cards. Each
card has fields for contact information (student name, address, email, phone number), high
school, academic information (GPA, SAT, ACT) and other data relevant to the admissions
process. Figure 1 shows an example of such a card.

Figure 1: Student Card
The Admissions Office presently collects thousands of these cards annually and must manually enter all of the data into a database for later tracking and processing of the students.
This project addresses two central problems: extracting handwritten markings from the surrounding form and recognizing the extracted handwritten characters. Variations in the scanned
forms introduce complexity into the task of extracting the handwritten data. Scanning thou1

sands of card images will result in images where the location and orientation of the fields in
each card is different. Also, variations in handwriting make handwritten recognition extraction even more difficult. Especially when the handwritten is so bad that even human eyes can
not recognize the results.
In the extraction phase of this project, we mark feature points in a template image and perform
image registration with respect to these features. Image subtraction yields an approximate
result that is later refined via specialized ad-hoc filtering rules. As to character recognition,
we make our own character recognition engine and to better recognize digit and alphabet
separately, we create one training data for alphabet and another one is for digit; also we create
our own dictionary to improve the recognition rate. In the end, we put handwritten characters
into this engine and get the extraction.
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Description of The System

The system is designed as a Window 7 application. The system is implemented in JAVA,
and is driven by a graphical user interface. The system accepts scanned images as input and
generates a text file of extracted data as output.

2.1

Standards of Scanned Image

Student cards are scanned at 300 dpi and full color. This step is manual and is performed
outside of the software system. These images are placed into a folder, and the folder is loaded
into the program as input.

2.2
2.2.1

Pre-Processing The Scanned Image
Image Registration

Scanning thousands of card images will result in images where the location and orientation
of the fields in each card is different. Image registration is used to correct the location and
orientation of the fields in the scanned image. Image registration is performed as described
below.
1. Assume that we have a template image T. This image is an empty form with zero rotation, forms the baseline image for the system. We need to identify key components of
T to use for image registration. Key components are components in T, that are used to
identify the rotation of the image. To identify key components, we analysed the baseline
form to find the representative components, which are easy to identify no matter how
the image is rotated. Key components are identified in advance as shown in Figure 2 by
the highlighted elements.
2. Let Kc be the sequence of key components, where each key component has location,
height, width and centroid. Let Tcs be sequence of all centroids of the key components.
Let Tcc be the centroid of the centroids.
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Figure 2: Key Components
3. Let S be the full-color source image. Let B be the binarized image of S. Identify the key
components in B corresponding with the key components of T. Compute the centroids
of key features in B. Call these centroids Bcs .
4. Compute the centroid of the Bcs and call it Bcc . Let TRANS be a translation matrix that
takes Bcc and maps it to Tcc . Translate all points in Bcs by this amount.
5. For each centroid in Bcs , compute the amount by which that point must be rotated (rotate
around Tcc ) to align with the corresponding Tcs point. Compute the average amount of
rotation. Let ROT be a rotation matrix that performs this rotation.
6. Take the source image S and apply TRANS and then ROT.
7. Binarize this rotated source based on the adaptive value. Let Sr be the binarized image.
Figure 3 shows the phases image registration. The baseline image of the system is shown in
(a); the scanned image of student card is captured in (b); the thresholded image of scanned
image is shown in (c); finally the rotated image is shown in (d).
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(a) Image T

(b) Image S

(c) Image B

(d) Image Sr

Figure 3
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2.2.2

Handwriting Extraction From Image

In this phase, we take the registered form and eliminate the pixels related to the form while
keeping the pixels related to the handwritten data. Once the handwritten data is identified,
we feed fields into the character recognition engine. The following are the steps how to get
handwritten data.
1. Let T be the baseline form image.
2. Let image Sr be the registered image. Let Sb = Sr -T .
3. Eliminate noise components in Sb whose width or height is less than the predefined
threshold values and get another image Sbn .

(a) Image Sb

(b) Image Sbn

Figure 4: This shows how noise components are eliminated. The circled areas in Figure 4a
are noise components to be eliminated.

2.2.3

Description of Character Recognition Engine

We use a neural network technique to recognize individual characters within the form. The
neural network is divided into a recognizer for numeric and mixed inputs. The digit recognizer uses a fully-connected three-layer topology consisting of 408 input nodes with 10 output
nodes. A connected component is rasterized into a 20x20 grayscale images to account for
400 of the features. The 8 remaining features are defined by the chain code histogram. The
network was trained on the NIST handwritten image database, one of the ad-hoc standards for
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handwritten data.
The chain coding was discovered by Herbert Freeman and is often referred to as Freeman
code. Chain coding is a technique for representing the contour of a component. A chain
code defines the contour of a component as each boundary pixel is traversed by describing
the direction of each next contour pixel. Under chain coding, a component is defined by the
location of a foreground pixel laying on the boundary of the component. We will refer to this
pixel as the starting point Ps . A list of directions as shown in Figure 5a defines how to traverse
each of the boundary pixels of the component beginning and ending with Ps . Figure 5b gives
an example of how chain coding could be used to represent a component. The start point Ps
is given as (0, 0) and the 8-connected code is given by {011033446666}.

(a) 8-connected chain code

(b) 8-connected chain code

Figure 5
The chain code histogram (CCH) is commonly used as a feature extraction technique for
character recognition. The directional information captured by the CCH is the key method to
identify the feature of any shape or pattern. Let CC be a chain code. The histogram of CC is
defined as h.
P
hi = j∈cc count(i, j) i ∈ [0, 7]

0
if i 6= j
count(i, j) =
1
if i = j
The cumulative distribution function can essentially compute CCH of a component. As the
example shown in Figure 5b, the CCH of the gray component is described as following.
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Since we have semantic knowledge that corresponds to each form field, we can use this knowledge to increase our confidence and accuracy. We begin form analysis by examining the ZIP
code field. Since we know that the zip code consists of purely numeric data, we feed the individual components of this field into the digit recognition engine. The neural network generates
a ranked list of likely matches for any particular component that is fed into the network. We
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take the rankings for each individual digit and generate a short-list of the most likely zip codes
that can be constructed from the individual digits. Since most of our student recruitment efforts involve Wisconsin and the states that neighbor upon Wisconsin, we construct a database
of zip codes from these regions and look within the database for the most likely match.
2.2.4

Zip Code Extraction Examples

Once the handwritten information has been isolated from the form data, we begin by extracting
the zip code field. We first attempt to identify zip code by loading the corresponding subimage into the digit recognition engine. For each character of the zip code in the image, the digit
recognition engine generates a list of possible matched digits and indicates the similarities of
each possible matched digit. The range of similarities is [0, 1] where higher similarity means
better matching.
Figure 6 shows a handwritten zip code field. Each digit is extracted from the zip code field
and fed into the digit recognition engine. A ranked list of guesses is generated for each digit.
In this example, each digit is properly identified by the engine.

(a) Zip Code Image

0.654 : [5]
0.560 : [8]
0.544 : [4]
0.534 : [2]
0.527 : [3]
0.526 : [6]
0.524 : [9]
0.521 : [7]

0.564 : [2]
0.546 : [5]
0.523 : [7]
0.512 : [3]
0.511 : [4]
0.508 : [6]
0.505 : [8]
0.499 : [0]

0.665 : [1]
0.598 : [8]
0.564 : [4]
0.551 : [2]
0.538 : [7]
0.533 : [5]
0.524 : [3]
0.513 : [9]

0.632 : [6]
0.623 : [0]
0.555 : [5]
0.491 : [2]
0.489 : [3]
0.486 : [8]
0.463 : [4]
0.433 : [9]

0.565 : [3]
0.532 : [7]
0.513 : [5]
0.502 : [9]
0.487 : [2]
0.480 : [8]
0.475 : [4]
0.458 : [1]

Figure 6: Zip code field and the most likely matches for each digits.
As the example shown in Figure 7, a ranked list of guesses is generated for each digit. But
obviously, only 4 of the 5 digits are correctly identified. We then apply semantic domain
knowledge to the results in order to refine the zip code matching process. We first build a zip
code dictionary that contains only valid zip codes. We assume that students only come from
Wisconsin, Minnesota and Iowa so that the dictionary contains only zip codes of these three
states. Then we compute a ranked list of matched zip codes from the dictionary.
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(a) Zip Code Image

0.635 : [5]
0.562 : [3]
0.547 : [0]
0.532 : [6]
0.528 : [8]
0.501 : [9]
0.500 : [2]
0.483 : [4]

0.572 : [8]
0.563 : [1]
0.561 : [7]
0.547 : [5]
0.539 : [9]
0.533 : [3]
0.532 : [2]
0.476 : [4]

0.657 : [0]
0.523 : [6]
0.500 : [3]
0.482 : [5]
0.471 : [2]
0.469 : [8]
0.464 : [9]
0.443 : [4]

0.716 : [1]
0.595 : [8]
0.537 : [2]
0.519 : [5]
0.509 : [4]
0.493 : [6]
0.488 : [3]
0.473 : [9]

0.633 : [4]
0.539 : [9]
0.520 : [7]
0.512 : [8]
0.478 : [2]
0.477 : [6]
0.474 : [5]
0.469 : [1]

Figure 7: This shows an example where only 4 of the 5 digits are correctly identified.
The confidence level of every zip code is computed by summing the confidence of each digit
in the code. The following algorithm describes this computation.
Algorithm 1 Compute ranked list of zip codes
Let DB be a list of all zip codes in the dictionary
for each zip code Z in DB do
Sum ← 0
for each digit D in Z do
Sum ← Sum + conf idence of D f rom the digit recognition list
end for
Z.conf idence ← Sum
end for
Sort DB by the conf idence of the zip codes
return DB
The ranked list of zip codes that corresponded with Figure 6 are the following:
1. 52163, Protivin, IA. Total Confidence: 3.081.
2. 55103, Saint Paul, MN. Total Confidence: 3.053.
3. 52165, Ridgeway, IA. Total Confidence: 3.029.
4. 55107, Saint Paul, MN. Total Confidence: 3.020.
5. 53103, Big Bend, WI. Total Confidence: 3.019.
6. 52169, Wadena, IA. Total Confidence: 3.018.
7. 50163, Melcher, IA. Total Confidence: 3.016.
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8. 55165, Saint Paul, MN. Total Confidence: 3.011.
9. 50103, Garden Grove, IA. Total Confidence: 3.006.
10. 52803, Davenport, IA. Total Confidence: 3.004.
The ranked list of zip codes that corresponded with Figure 7 are the following:
1. 51014, Cleghorn, IA. Total Confidence: 3.204.
2. 55014, Circle Pines, MN. Total Confidence: 3.188.
3. 53014, Chilton, WI. Total Confidence: 3.174.
4. 54014, Diamond Bluff, WI. Total Confidence: 3.117.
5. 51019, Danbury, IA. Total Confidence: 3.110.
6. 61014, Chadwick, IL. Total Confidence: 3.102.
7. 55019, Dundas, MN. Total Confidence: 3.094.
8. 51018, Cushing, IA. Total Confidence: 3.083.
9. 53019, Eden, WI, IA. Total Confidence: 3.080.
10. 55017, Dalbo, MN. Total Confidence: 3.074.
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Conclusions and Future Work

With this program, we can presently recognize only zip code. We intend to further refine our
program by adding character recognition relating both the city and state to the zip code data.
We do not presently have access to actual forms due to privacy issues. We have collected a
few dozen forms that were filled out with fake information. The recognition rates are therefore
unknown since our correct sample size is small and artificial. We hope to baseline the system
on a large set of actual forms and extend the work to extract information from other fields.
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