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Chapter

Introduction
1.1 Motivation

There was an increase in the number of applications for master’s program with the increase in time. For
processing all these applications manually, high volume of time and workforce is required. This can be
reduced if automation is used in the process. But prior to that, an analysis of the complete steps
involved in processing and were exactly the automation has to be used to decrease the time and work
forces must be made. The applicant process actually involved several steps. First, the applicant sends
the complete documentation to uni-assist; from there the applications are received by the student
assistance team at university; and are then sent to the individual departments. At the individual
departments, the individual applications will be processed by conducting a thorough study on if the
applicant has required skills in his previous studies and if they are fit for ASE study program. With this
thesis project a single web tool can be developed that can process the application which is much reliable

in the decision making process of application.

W/ e A

—> 'iass.ist% semas = —>| Preprocessing || ProfHardt | -l Deanoffice
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Fig 1.1: Complete application process
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Here comes the manual processing of the application. In this process, we will receive a pdf document
from the uni-assist containing each and every document submitted by the applicant. From these
documents, the data about applicant personal details, previous educational details and also courses that
can be matched to the ASE program for further studies will be manually entered in to the database by
the auditors. There exist other parameters like work experience, education or course certifications and
German language skills, which fetch some bonus points. These points are combined in the final state. If
applicant manages to cross particular limit points, then an admission in ASE is given to the applicant.
There are some web applications for processing the applications in this way. For any further
examination, all the data received from the student and uni-assist is stored. As the number of

applications to be processed increase, the process needs much time and number of auditors.

1.2 Problem description

The issue faced in manual processing of application is: Processing time of each application, manual data
entry for further classification, manual analysis of score cards, less number of auditors, the less accuracy
rate in classification. The main idea behind this thesis work would be to eradicate all this issue by

introducing a tool that can automate pre-processing stage in this application process.

To automate the process | had a research work on many automation tools, text conversion tools and
others as explained in state of the art. Finally come up with an idea to use OCR for text conversion and
implement SVM and Cluster based approaches while classifying the data. Compare both the results to
get best classifier. With this approach we can automate pre-processing stage of the application process
and can see much time, save of repeated tasks auditors involved in this process. Furhter more semi
automatic preselects and processing order organisation cross checks processing steps with auditors intention.

Other advantages of this process will be easy data management, easy processing of the applications that

are often repeated from the same university.
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1.3 Project Information

This thesis is done in co-operation with professorship in Computer Engineering Department at Technical
University of Chemnitz. The aim of this project is to develop a tool that can automatize the student
application process. To implement this we used SVM and clustering based approaches. We analyze
results by comparing both approaches with their results on how well they can identify ASE related
courses. The database should be designed in such a way that it can be used for further developments
with new approaches for artificial intelligence. This tool can be further extended to other study courses

in the university.

1.4 Outline of Thesis

There are many more ways to automate the application process like using some commercial software’s
that are used in big organizations to scan bills and forms, but this application is only for the static frames
or formats. In our application, we are trying to automate the non-static frames as the study certificate
we get are from different counties with different universities. Each and every university have there one
format of certificates, so we try developing a very new application that can commonly work for all the
frames or formats. As we observe many applicants are from same university which have a common
format of the certificate, if we implement this type of tools, then we can analyze this sort of certificates
in a simple way within very less time. To make this process more accurate we try implementing SVM and
Clustering methods. With these methods we can accurately map courses in certificates to ASE study
path if not to exclude list. A grade calculation is done for courses which are mapped to an ASE list by
separating the data for both labs and courses in it. At the end, we try to award some points, which
includes points from ASE related courses, work experience, specialization certificates and German
language skills. Finally, these points are provided to the chair to select the applicant for master course

ASE.
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1.5 Document Layout

Complete document of thesis is divided into five chapters. Each and every chapter handles different
topics. Chapter 1 introduces the topic. Chapter 2 gives the background knowledge and research we
made on previously existing methods. It also briefs some detailed knowledge in character recognition
and machine learning methods that exits. Chapter 3 gives information about the complete concept
involved in this thesis work. In this chapter, we discuss more about the modules arranged to obtain final
results. Working of each and every module and their results that can be used in further processing.
Chapter 4 tells about different the comparison results of both SVM and cluster methods we
implementions in this thesis work. Chapter 6 gives an overview of further implements and phases with

developments that can be performed.
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Chapter

State of the Art

This chapter discusses about the overview of the related background knowledge we obtained with

research work on different topics we handled.
I OCR (Optical Character Recognition)

Optical Character Recognition, abbreviates as OCR, is the process where in automatic conversion of the
alphanumeric characters in a document into computer readable format. Character conversion from one
domain into another domain started in early 1913’s. In the same year, a device called ‘Optophone’ was
invented. This device converts a Braille script or symbols present on a paper into voice tones for fast
reading so that we can hear the Braille code. Later on, the technology was improved and developed the
OCR in the early 1950. OCR currently encompasses two distinct areas — pure optical character
recognition by making use of the optical techniques like mirrors and lenses and digital character
recognition by making use of scanners and computer algorithms. There is a tremendous change in the
field, from an application which requires font-specific training, to the present generation’s intelligent
application which is capable of recognizing most fonts with a high degree of accuracy. Most of these
intelligent applications use some forms of machine learning to adapt and learn to recognize new fonts.
The Current OCR machine recognizes the computer documents with an accuracy of over 97%, and the
clearly handwritten text on clear paper with 80-90%. Recognition of cursive text is an active area of

research.
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2.1 Construction of OCR system

The types of OCR systems are characterized by certain features. The types of OCR ate: Structural type,
feature type, and neural network type. Some implementations employ State Vector Machine (SVM)
along with the wavelets as the input data for the OCR process. So as to drive the wavelets, these
methods involve much complex mathematical calculations. These in turn employ matrix multiplications
and summations. One more important thing to be noted is, the SVM essentially requires time for taking
different input-output pairs and calculating the relation between those input-output pairs. OCR types
which use neural networks also use training techniques and some mathematical calculations, are also
required for further processing. On the other hand, systems which do not use a training mechanism or
memory based training or recognition are also available. A few of these systems uses fuzzy logic and
histogram type area weight detection of the alphabet. But these have some disadvantages among which
the prime is that these would be complex computation and the process is taking more time. Another
type is feature recognition type OCRs, different features are extracted from the alphabet present in the
input. This method is advantageous in terms of memory utilization and computations, as limited

features are enough to recognize the character.

The figure of an OCR system is as shown below. Actually, it comprises several parts, but it is divided into

four major parts namely:

e Pre-processing part
e Self-learning part
e Recognition part

e Post processing Part.
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Fig 2.1: OCR system construction

2.1.1 Pre-processing part

The pre-processing part takes the input image obtained from the input sources like scanner or any other
source and transfers the original text image into either a bitmap file or a binary matrix. Then the image
undergoes a process called text analysis. In this process, the text image is sectioned into lines and
characters. So as to remake the ASCII text file, the position of each character is recorded. Text analysis

may encompass the following:

A. Extraction of character regions from an Image.

B. Segmentation of the image into text and background.
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A) Extraction of Character Region from an Image

Extraction of character region from an image is accomplished by using the ancillary information known
about the image to select the image properties which have sufficient variation of the text region and the
background regions to be a basis of separating one from another. Once it is known, it is printed on a
white or light background. We can make use of the detection line of text. The process can also be
applied for segmenting the image into regions which contain words. A vertical hologram of the image is
generated by a horizontal projection operator. The white space has a typical signature, which we use to
segment the histogram and thereby the lines of text. Then we repeat the same procedure for each and
every line of the text by making of the vertical projection operation for segmenting the words in each

line of text [1].

Also, we can know the expected character size of the text, or other spatial organization or layout of the
text. For identifying the areas of the image which have a character like spatial arrangements, we use
either connect component analysis or mathematical morphology. We can select a mask so that
morphology operations grow those characters for joining them to form word regions without bridging
the space which is present between words or between lines. The next option available is by using
connected component methods for identifying the image regions that have blobs of the right size.
Utilizing the Local Fourier mask or texture masks, the areas of high spatial frequencies and hence

segment textual regions can be identified.

B) Segmentation of the Image into Text and Background

While some OCR algorithms work with grayscale images, many converts their input into binary image
formats during the early stages of processing. When an image region containing text, whether single
word regions or whole slabs of text, is given, the goal of the stage is identifying the image pixels which

belong to the text and the pixels which belong to the background. Thresholding of the gray-level image
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is the most commonly used methods. We can choose the threshold value in many ways like using
ancillary knowledge about the image, using statistical techniques to select a global threshold that ‘best’
classifies the image into two classes, and by using required measures calculated in the neighborhood of
each pixel to determine the best local threshold. Practically, it is observed that the local adaptive

thresholds produce the best segmentation results.

2.1.2 Self-learning Part

Every modern OCR tool has this special property of self-learning so as to enrich the knowledge
whenever an unknown character string is obtained. It is recognized based on the database previously
built in. This database contains most important feature related to the character which is already known.
As more and more new characters are met, the recognition ability can be increased if the database is

capable of self-expanding.

2.1.3. Recognition part

Of all the parts in the system, the Recognition part is the major one. It extracts input character features
and compares them with the features that were recorded in the database used by the recognition.
Whether the Characteristics would matched or nearly matched, the informative character will be
ordered under those populations in which every last one of the characters needs these normal features.
The last step in this stage is final classification. In this stage, the character stored in this block is written

into result and the other characters fall under broad classification.

A) Feature Detection

Prior to feature detection, preliminary processing is often done. For any OCR, feature detection and
classification are the heart. Since the advent of OCR several feature detection techniques have been

used. First the whole character is found as a feature by template matching and then the sub features of
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the character are sought. The algorithm found the boundary outlines, the character skeleton or medial
axis, the Fourier or Wavelet coefficients of the spatial pattern, various moments both spatial and gray-
level, and topological properties such as the number of holes in a pattern. All have been used as

features for classification of the character regions.

While selecting character features to be detected, algorithm designers were pretty much aware of the
importance of detecting the features that characterized the characters being read independently of
actual font and size. On the other hand, the algorithm designers were attracted to those features which
exhibit no variation with image variations, like translation, rotation, contrast and color. As a matter of
fact each and every desired property of a feature can be found in any single measurement.
Consequently, OCR algorithms often detect a range of features. The total of these features will be
sufficient enough to identify each character irrespective of the specific instantiation used in the text. For
detection of features, statistical correlation, boundary following, region thinning, mathematical
morphology, and also different transforms like the Fourier transform, texture mask, spatial pattern
operations, and topological algorithms are used. Prior to character segmentation, feature detection
techniques are applied. Generally, these techniques attempt to find evidence for a specific character
being present instead of the part features. Researches on finding new techniques for finding characters
in text without prior character segmentation are increasing rapidly. The driving force behind the
researches is the problems that were encountered in cursive scripts where segmentation without

recognition may turn out to be a bigger problem than the recognition itself.

2.1.4. Post processing stage

The prime purpose of Post processing stage is to make necessary corrections, if any required. The ASCII

text consists both recognized and rejected character and the character requires further editing and
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modification. So the resulting character which is obtained after recognition stage has to be moved

either to the wish (correct) list or into the rejecting list.

Il. Tesseract

Tesseract is an open-source OCR appliance [2]. In between the years 1984 through 1994 it took its origin
at HP. Tesseract, in HP Labs Bristol, this project was initiated as a PhD project and later added with
hardware and software plugins and this increased most accuracy of its working in HP Scanners sector. At
an early stage of OCR engine business were very poor and once this is added up with the good
improvement to work with scanners it took an exponential turn in business and execution. This turn was

more motivation for further improvements and updates in its working [2].

After better results in scanners, Tesseract did not materialize into the product. As in the development
stage of OCR compression Tesseract came into focus once again and took forward to further
developments. This time complete focus was to improve rejection efficiency than on base-level
accuracy. This project came to an end in the year 1995 and sent to the UNLV Annual Test of OCR
Accuracy. After successful completion of the test it was introduced to the world, showing how efficient
and powerful when compared with the commercial engines. Earlier this was not an open source, but
from late 2005 HP released it as open source. Currently it is available at

http://code.google.com/p/tesseract-ocr[2].
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2.1 Architecture

The Later HP lab developed layout analysis technology independently. The technology was used in
products. (And therefore not released to open-source) Because of this technology developed by HP,
Tesseract never met the need of its own page layout analysis. Tesseract assumes that its input is a binary

image with optional polygonal text regions defined.

Processing follows a traditional step-by-step pipeline, but some of the stages were strange and found
very new in those days, and possibly remain so even now. The first step of processing is a connected
component analysis. In this step, the outlines of the components are stored. With regard to
computation, the design decision was an expensive one at the time. But it had a significant advantage:
by inspecting the nesting of outlines, and the number of child and grandchild outlines, the detection of
inverse text became simple and recognition of the text became very easy in recognition of black-on-
white text. Tesseract is probably the first OCR engine that is capable of handling white-on-black text so a
little effort. At this stage, outlines are made together, purely by nesting, into Blobs. Blobs are unionized
into text lines, and analysis of the lines and regions for fixed pitch or proportional text is done. Based on
the kind of character spacing, text lines are broken into words. The character cells chopped the fixed
pitch text immediately. Proportional text is broken into words by employing the definite spaces and

fuzzy spaces.

Then recognition proceeds as a two-pass process. In the first pass, recognition of each word in turn is
attempted. Each word that is satisfactory is passed to an adaptive classifier as a training data. Then the
adaptive classifier gets a chance for recognizing the text lower down the page with still more accuracy.
Since the adaptive classifier may have learned something useful too late to make a contribution near the
top of the page, a second pass is run over the page. In the second pass, the words which were not

properly recognized are made to recognize once again, thereby lead to greater accuracy of recognition.
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A final phase resolves fuzzy spaces, and checks alternative hypothesis for the x-height to locate small-

cap text.

2.2 Line and word finding

2.2.1 Line Finding

There are more publications earlier on line finding, which is one of the major parts of Tesseract. The
main application of this algorithm which is designed for Tesseract is to classify skewed pages. This
process is more concerned about line construction and blob fitting. The line finding algorithm is one of
the few parts of Tesseract that was published earlier. This algorithm is designed for recognizing a
skewed page without having to de-skew. This eventually protected the image quality. Blob, blob filtering
and line construction are the key parts of the process. As the roughly uniform text size, the drop-caps
and vertically touching characters will be removed by a simple percentile height filter with an
assumption of page layout analysis. The text in the region is judged by the height of a median. Because
of this, filtering out the blobs that are petite then some portion of the median height, for example

diacritical marks, punctuation and noise is safe.

The filtered blobs that are more precise to fit a model of non-overlapping, parallel and sloping lines. If
the blobs are sorted and processed by the x-coordinate, skew becomes viables in some conditions like
assigning the blobs to a unique text line, across the page during the process of tracking the slope, with
heavily subsided danger of assigning to an incorrect text line in the existence of skew. After assigning of
the filter blobs to lines is done, at least median of squares fit is used to appraise the baselines, Pertinent

lines are once again fitted with a filtered-out blobs.

The final step of the line creation process to connect blobs that overlap by at least half horizontally,
putting diacritical marks together with the correct base and correctly relating parts of some broken

characters.
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2.2.2 Baseline Fitting

Once the text lines have been detected, the baselines are fixed in more accurately using a quadratic
spline. This was very first done for an OCR system, and enabled Tesseract to treat pages with curved

baselines, which are a bit familiar artifact in scanning, and not just a kind of book bindings.

The blobs are portioned into groups with a reasonably continuous displacement for the original straight
baseline. This is how the baselines are fitted. A quadratic spline is fitted to the partition which is found
to be the most populous (assumed to be the baseline) by a least square fit. The quadratic spline has
both advantage and a disadvantage. The advantage being “this calculation is reasonably stable” and the
disadvantage being “discontinuities can arise when multiple spline segments are needed”. A more

regular cubic spline might work much better [2].

Fig 2.2: An example of curved fitted baseline [2]

Line of text with a fitted baseline, descender line, mean line and ascender line are illustrated in the
above fig. All the lines shown in the image are "parallel" as their y separation is a constant for the entire
length. Also, these lines are slightly curved. It can be observed in the image that the ascender line is cyan
(prints as light gray) and the black line present about this cyan line is actually straight. A deep
observation of these lines makes it clear that the cyan (printed gray) line is curved relative to the

straight black line above it.
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2.2.3 Fixed Pitch Detection and Chopping

The text lines will be tested by Tesseract for determining whether they are fixed pitch text. On the other
hand, Tesseract cop's the words into characters using the pitch and also disables the chopper and
associator on these words for the word recognition step. A typical example of a fixed-pitch word is

illustrated in below fig.

'_l_|_l_|.\

00]0

Fig 2.3: A fixed-pitch chopped word [2]

2.2.4 Proportional Word Finding

Non-fixed-pitch or proportional text spacing is a highly non-trivial task. Observe the Fig.3 which
illustrates some typical problems. The gap present between the tens and units of 11.9% is similar in size
to the general space, but this is certainly more compared to the kerned space present between 'erated’
and 'junk'. No horizontal gap exists at all between the bounding boxes of 'of and financial'. Several of
such problems are solved by Tesseract by measuring gaps in a limited vertical range existing between
the baseline and mean line. At this stage, the spaces that are close to the threshold are made fuzzy, for

making a final decision after word recognition [2].
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of 9.5% annually while the Fed-
erated ]llIlk fund returned 11.9%

fear of financial collapse,

Fig 2.4: Some difficult word spacing [2]

2.3 Word Recognition

For any character recognition engine, the recognition process has to identify the way a word should be
segmented into characters. First, the classification of the initial segmentation output from line finding is

done. The remaining part of the word recognition step is applicable to non-fixed-pitch text only.
2.3.1 Chopping Joined Characters

While the result of a word from Linguistic Analysis which will be discussed very soon is unsatisfactory,
Tesseract makes an attempt for improving the result by chopping the blob with worst confidence from
the character classifier. Candidate chops points are found from concave vertices of a polygonal
approximation of the outline, and may have either different concave vertex opposite, or a line segment.
So as to separate joined characters from the ASCII set successfully, up to 3 pairs of chop points might be

needed.

2%

Fig 2.5: Candidate chop points and chop [2]
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Above fig shows a set of candidate chop points with arrows and the selected chop as a line across the

outline where the 'r' touches the 'm'.

Based on the order of priority of the chops, they are executed. If any chop failed in improving the
confidence of the result, it is simply undone, but not completely discarded. It is because; the associator

can reuse the chop if it was needed later on.
2.3.2 Associating Broken Characters

If the potential chops have been exhausted, and the word is still not good enough, it will be given to the
associator, which then performs an A* (best first) search of the segmentation graph of all the possible
combinations of the maximally chopped blobs into candidate characters. It is done not by actually
building the segmentation graph, but by maintaining the hash table of the visited states. The A* search
is preceded by acquiring candidate new stats from a priority queue and then evaluating them through

classification of an unclassified combination of fragments. [2]

There are arguments that this fully-chop-then-associate is, at best it is inefficient and at worst, it is liable
to miss important chops and that may well be the case. The benefit is, the chop-then-associate scheme

will simplify the data structures that would be required for maintaining the full segmentation graph.

[

CUOUTNS

Fig 2.6: An easily recognized word. [2]

When the A* segmentation, search was first implemented in about 1989, the accuracy of Tesseract on

broken characters was found to be clearly more than any commercial engine existing at the time. The
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above figure is a typical example. The success of Tesseract was because of an essential part called

character classifier that could easily recognize is broken characters.

2.4 Static Character Classifier

2.4.1 Features

The earlier version of Tesseract used topological features which are developed from the work of
Shillman. In spite of the fact that these elements are autonomous of text style and size, they are not
robust to the problems being experienced in real time images. The very next thought that can crack to
fix this was to make use of segments of the polygonal approximation as features. Unfortunately, this
approach is also not robust to the broken characters. For example, in below figure 2.7 (b) it can be
observed that the right side of the shaft is in two main pieces, but in figure 2.7 (a) just a single piece is

noticed.

Fig 2.7: (a) Pristine 'h’, (b) broken ‘h’ (c) features matched to prototypes [2]

Then a sudden and dramatic solution came up. It is the idea that the features in the unknown and the
features in the training data both need not be the same. In the training process, the segments of a
polygonal approximation are used for features, whereas in the case of recognition, extraction of
features of a small, fixed length of the outline is done and they are matched many-to-one against the
clustered prototype features of the training data. The short, thick lines observed in the above figure, are

the features which are extracted from the unknown, whereas the thin and long lines in the same figure
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are the clustered segments of the polygonal approximation used as prototypes. One prototype bridging
the two pieces is completely unmatched. All the prototypes and every feature are well matched except
for the three features on one side and two on the other. This exemplifies that the process of small
features matching with the large prototypes is easily able to cope with recognition of the images that
are damaged. Its prime downside was the cost of computing the distance between an unknown and a

prototype is quite high [2].

Thus, the features that are extracted from the unknown are 3-dimensional, i.e., has x position, y position
and angle with typically 50-100 features in a character, whereas the prototype features are 4-
dimensional, i.e., x position, y position, angle and length with typically 10-20 features in a prototype

configuration.

2.4.2 Classification

Classification is a two-step process, wherein the first step is the creation of a short list of character
classes that the unknown might match. This is done by a class pruner. From a coarsely quantized 3-
dimensional lookup table, every feature will fetch a bit-vector of the classes that it might match. These
bit-vectors fetched are then summed over all the features. The classes with the highest counts (after

correcting for expected number of features) become the short list for the next step.

Every feature of the unknown searches a bit vector of prototypes of the given class which it might match
with. Then computation of the actual similarity between them is done. Every prototype character class is
represented by a logical SOP (sum-of-product) expression with each term. It is called a configuration. A
record of the total similarity evidence of every feature in every configuration, and also in each prototype
is maintained by the distance calculation process. The best combined distance, which is calculated from

the sum of feature and prototype evidences, is the best over all the saved configurations of the class.
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2.4.3 Training Data

The classifier is capable of recognizing the damaged characters with a great ease. So, the classifier was
not trained on damaged characters. The classifier was in fact trained over a few samples, i.e., 20
samples of 94 characters from 8 fonts in a single size, but with 4 attributes (normal, bold, italic, bold
italic). All these sum up to a total of 60160 training samples. This is a significant contrast when
compared to other published classifiers, like the Calera classifier which is trained on more than a million

samples and the Baird's 100-font classifier which is trained on 1175000 training samples [2].

2.5 Linguistic Analysis

Tesseract has comparatively less linguistic analysis. Every time the word recognition module is
considering a new segmentation, the linguistic module selects the best one among all the word strings
available in each of the following categories: Top frequent word, Top dictionary word, Top numeric
word, Top UPPER case word, Top lower case word (with optional initial upper), Top classifier choice
word. For a given segmentation, the final decision will be the word which has the lowest total distance

rating, where every category is multiplied by a different constant.

The number of characters in the words of different segmentations may be different. Direct comparison
of these words is hard even where a classifier claims to be producing probabilities, which are not
produced by Tesseract. This problem in Tesseract is solved by generating two numbers for every
character classification. The first one is called the confidence and is minus the normalized distance from
the prototype. This enables it to be a "confidence" in the sense that greater numbers are better and the
greater the distance from zero, the greater the distance. The second output is called the rating. Its
action is to multiply the normalized distance from the prototype by the total outline length in the
unknown character. As the total outline length for all the characters within a word will be the same

always, ratings for characters within a word can be summed meaningfully.
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2.6 Adaptive Classifier

It was suggested and even demonstrated that the use of an adaptive classifier will benefit the OCR
engines. The static classifier must be good at generalizing to any kind of font. As a result of which the
ability of the classifier to discriminate between different characters or between characters and non-
characters weaken. So, for realizing a greater discrimination within each document, where a less
number of fonts are existing, a more font-sensitive adaptive classifier trained by the results of the static

classifier is commonly used [2].

Template classifier is not used by Tesseract, but it uses the similar features and classifiers of static
classifier. Static classifier will normalize the characters by the centroid (first moments) for position and

second moments for anisotropic size normalization.

The normalization of baseline/x-height will can easily differentiate upper and lower case characters. It
will also improve the liberty to noise spikes. The major advantage lying behind the character moment
normalization is removed of font aspect ratio and some degree of font stroke width. Not only that, it
also makes the recognition of sub and superscripts simpler, but needs an additional classifier's feature
for marking the difference between some upper and lower case characters. 3 letters in baseline/x-height

normalized form and moment, normalized form are illustrated in below figure [2].

=

S —

Fig 2.8: Baseline and moment normalized letters [2]
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lll. Text Mining

Most previous studies of data mining have concentrated on structural data, like relational, transactional,
and data warehouse data. [3] In practice, a considerably higher amount of the available information is
backed up in a text database (or document database), which comprises a large collection of documents
from several different sources, like news articles, research papers, books, digital libraries, e-mail
messages, and web pages. Inferable from the lofty ascent in the measure of data accessible in electronic
structure, for example, electronic distributions, different sorts of electronic records, email, and the
World Wide Web, there is a precarious and sudden ascent in the text database. These days, almost all
the information on government, industry, business, and other institutions are stored electronically, i.e.,

in the form of text database [3].

Once information is uploaded in the database, most of this data will be in an unstructured way. In recent
times we find much research is focused on semi structured data. Additionally, data recovery strategies,

for example, indexing techniques, have been created to handle unstructured data.

Conventional information retrieval procedures get to be deficient for the inexorably boundless measure
of text data. Normally, just a little portion of the numerous accessible documents will be applicable
giving individual client. Without recognizing what could be in the documents, it is hard to define viable
inquiries for analyzing and obtaining required information from data [7]. Users need tools to compare
different documents, rank the documents, or find patterns and trends across multiple documents. Thus,

text mining has become a major theme in data mining.

Information retrieval (IR) and Database systems were developed parallel from the recent past. IR deals
with the organization and retrieval of information with huge datasets mostly text based information.
Whereas, database systems has fixated on query and translation processes of structured data. Both

handles various types of information, some database system issues are generally not exhibit in a data
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retrieval system, for example, concurrency control, recuperation, exchange administration, and
redesign. In traditional database systems, we cannot find any common information retrieval issues, like
comparative search based on key words and unstructured documents. The major issue in information
retrieval system is to trace a document in a complete set of collecting data based on a client's query. In
this issue user has a handful of choice to pull the relevant information from the stored data, this fits best
if the user has same ad-hoc information need, an IR system can also take action to push a newly found
data item to a user if it is similar to a client's query. Such an information access process is called
information filtering, and the system used in this process is called filtering systems or recommender

systems.

2.1 Text Retrieval methods

Text retrieval methods are majorly classified into two

a) Document selection problem

b) Document ranking problem

The document selection method is the one in which the query is the specifying constraint for selecting
the relevant document. The boolean retrieval method is one such method in which a set of key words
represents a document and a Boolean of expressions provided by the user like tea or coffee and car and
shop. All it takes is the Boolean query and return document for this system to satisfy the Boolean
expression. Prescribing user information with a Boolean query is really difficult and this retrieval method
works well only when the document collection is well known to the user and a good query could be

made out of it.

The document ranking method based on the order of relevance is used to rank the documents. These

are more significant than the selection methods for there are more advanced retrieval systems present,
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which provide a rank list of the documents. Algebra, logic, probability, and statistics are various
mathematical tools on which many ranking methods developed. The instinct behind all these methods is
to match the key words in all the documents and score them based on how their matches. The degree of
relevance of a document with the score based on the information like frequency of words in the

document and to approximate it is the main goal. To measure the degree of relevance it is very difficult.

2.2 Cluster Analysis

The process of grouping a set of physical or abstract objects into classes of similar objects is called
clustering [4]. A cluster is a collection of data objects that are similar to one another within the same
cluster and are dissimilar to the object in other clusters [5]. Classification plays major role in
differentiating groups or classes of objects. This is done with the prior knowledge of training tuples or
big datasets or different kinds of patterns, in which classifier can model each group. It is often more
desirable to proceed in the reverse direction: first partition the set of data into groups based on data
similarity (e.g., using clustering), and then assign labels to the relatively small number of groups. Extra
points of interest of such a clustering based procedure are that it is versatile to changes and bail single
out helpful features that recognize diverse groups. By automating clustering, we can identify dense and
sparse regions in object space and, therefore, discover overall distribution patterns and interesting

correlation between data attributes [6].

Based on applications, clustering can also be defined as data segmentation as it can classify large data
sets into groups according to their similar features. Clustering can also be used for finding data away
from boundaries or cluster threshold values as this may also be a point of interest from clients query. As
of now Data clustering is under rapid improvement. Contributing territories are examined incorporate
data mining, statistics, machine learning, spatial database technology, science, and marketing. From the

tremendous measures of information gathered in a database, clustering is the most active topic of
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interest in data mining research. As a branch of statistics, cluster analysis has been extensively studied
for long time period, which concentrate mainly on distance-based cluster analysis. A cluster analysis tool
based on k-mean, k-medoids, and several other methods have also been built into many statistical
analysis software packages or systems, such as S-Plus, SPSS and SAS [3]. In machine learning, clustering
is an example of unsupervised learning. As it tries to learn from observations instead of examples. More
efforts were observed in finding best, effective and efficient cluster analysis methods in the area of data

mining for huge databases. Scalability of clustering was one of the most prominent factors to obtain [7].

2.2.1 Categorization of Major Clustering Methods

There exist many clustering algorithms in literature. Classifying the clustering methods as the methods
may overlap so that the features from several categories are obtained. The categories of major

clustering methods are classified into:

A) Partitioning Methods

In this method if we consider n as objects of data tuples and K as the number of partitions, then
K<=1 represents the cluster formed, this formed cluster should fulfill below requirement:

a) Each group must have at least one object

b) Each object must belong to exactly one group [8]. Partitioning gets started with a method called
partitioning method which can be improved by iterative relocation techniques. This technique
delivers object in the same cluster, which are imminent to each other. In K-mean algorithm cluster
is defined by the mean value of objects. These methods find important in finding spherical shaped

clusters in small to medium sized databases.
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B) Hierarchical Methods
A hierarchical method is the one which creates hierarchical decomposition of the objects in the
given set. This method is categorized into
a) Agglomerative
b) Divisive based on the decomposition.
The agglomerative approach, also called top-down approach in which each object to a separate
group. All the objects are combined till all the groups are merged into one. In this method, it is
evident that a step can’t be made undone. The charges for computation is lesser which does not
affect combinatorial number. The approaches for improving the quality of clustering is: to perform

analysis of object linkages at partitioning and to integrate agglomeration and other approaches.

C) Density Based Methods:

The distance between the objects lay the basis for partitioning methods. It can only find spherical
shaped clusters, but not arbitrary. The general method is to grow clusters until density exists in such
that the radius of the neighborhood contains the least number of points so that arbitrary shape
clusters could be used.

DBSCAN and extensions are density based methods growing clusters for a density-based analysis.
DENCLUE is the method in which the analysis happens to the value of distribution of density

functions.
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D) Grid Based Methods

E)

These quantize the item space into a constant number of cells which frame a grid structure and all
the clustering calculations are done on it. Fastest processing time and dependency only on cells in
the quantized space are the advantages. STING is a typical grid based method. Wave Cluster applies
wavelet transformation for clustering analysis and is both grid-based and density-based [3].
Model-based methods

Model-based methods will hypothesize a model for every one of the clusters and will find the best
fit of the data to the given model. A model-based algorithm may find the location of a cluster by
constructing a density function which reflects the spatial distribution of the data points. It also
results in a way of determining the number of clusters automatically on the basis of standard

statistics, taking "noise" or outliers into account. Hence it yields in robust clustering methods.

EM is an algorithm which performs expectation-maximization analysis depending on the statistical
modeling. COBWEB is a conceptual learning algorithm. It performs probability analysis and takes
concepts as a model for clusters. SOM (or self-organizing feature map) is a neutral network-based
algorithm which clusters by mapping high-dimensional data into a 2-D or 3-D feature map, which is
in turn used for visualizing the data. The selection of clustering algorithm is done based on the type
of data that is at hand and also the specific purpose of the application [3]. If a cluster analysis is
employed to serve as a descriptive or exploratory tool, there are possibilities for trying numerous

algorithms on the same data for seeing what the data may disclose.

A few of the clustering algorithms combine the ideas of different clustering methods, as a result of
which the classification of a given algorithm as uniquely belonging to only one clustering method
category becomes difficult. On the other hand, there are a few applications which may have

clustering criteria which need the integration of several clustering techniques. In addition to the
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above mentioned categories of clustering methods, there are two more classes of clustering tasks
which need special attention. One of them is clustering the high-dimensional data, and the other

one is constraint-based clustering.

Clustering high-dimensional data

This is particularly a task of the highest importance in cluster analysis as several applications need
the analysis of objects which have a large number of features or dimensions. For instance, consider
the text documents which may possess thousands of terms or keywords as features, and DNA
microarray data may give information on the expression levels of thousands of genes under
hundreds of conditions. Clustering high-dimensional data has become a challenging task because of
the curse of dimensionality. Many dimensions may not be relevant. As the number of dimensions
increases, the data become increasingly sparse, so that the distance measured between pairs of
points becomes an effort to compute and the average density of points anywhere in the data is
likely to be low. Hence a need for developing a different clustering methodology for high-
dimensional data exists. CLIQUE and PROCLUS are two influential subspace clustering methods,
which search for clusters in subspaces (or subsets of dimensions) of the data, rather than over the
entire data space [3]. Frequent pattern-based clustering, another clustering methodology which
extracts distinct frequent patterns among subsets of dimensions which occur quite often. It makes
use of such patterns of grouping objects and for generating meaningful clusters. pCluster is an

example of frequent pattern-based clustering that groups objects based on their pattern similarity.

Constraint-based clustering
This is another type of clustering approach which performs clustering by incorporating the user-
specified or application-oriented constraints. Each constraint either specifies a user’s expectation, or

describes "properties" of the desired clustering results, and thereby providing an effective means
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for communicating with the clustering process. Different types of constraints can be specified, either
by a user or as per the requirements of the application. Our discussion here will be concentrated
on spatial clustering with the existence of obstacles and clustering under user-specified constraints.
In addition, semi-supervised clustering is described, which applies, for example, pairwise constraints
(such as pairs of instance labeled as belonging to the same or different clusters) in order to improve
the quality of the resulting clustering. In the following sections, we examine each of the above
clustering methods in detail. We also introduce algorithms that integrate the ideas of several

clustering methods [3].
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IV. Machine Learning

Machine learning is generally taken to encompass automatic computing procedure based on logical or
binary operations that learns a task from a set of examples. Here we are just concentrating with
classification. Machine learning aims to generate classifying expression simple enough to be understood
easily by the human. They must mimic human reasoning sufficiently to provide insight into the decision
process. Like statistical approaches, background knowledge may be exploited in developing, but

operation is assumed without human intervention [11].

The basic framework for machine learning is depicted in below figure. The learning system aims at
determining a description of a given concept from a set of concept examples given by the teacher and

from the background knowledge.

Implemented examples can be positive or negative. The learning algorithm then builds on the type of
examples, on the size and relevance of the background knowledge, on the representational issues, on
the presumed nature of the concept to be acquired, and on the designer’s experience. An important
requirement is that the learning system should be able to deal with the imperfections of the data.

Examples will often contain a certain amount of noise errors in the descriptions or in the classifications.

v

Examples . .
Learnlng Algorlthm _— Concept Description

v

Background Knowledge

Fig 2.9: Machine Learning Task
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There are three different types of learning.

Supervised Learning: In order to predict new values the system has to learn a mapping between the
inputs and outputs.

Unsupervised Learning: The features in distributed input data are extracted by the system.
Reinforcement Learning: The system has to learn a policy such that each action should result to maximal

reward [13].
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Fig 2.10: a) Supervised learning b) Unsupervised learning c) Reinforcement learning

2.1 Multilayer Perceptron (MLP)

Covers theorem on separability clearly states that, “If a complex pattern-classification data which cannot
be linearly separable in lower dimension when projected into higher dimension than data can be linearly

separated. Provided that space is not densely populated.

An MLP composed of Input Layer, several Hidden Layer and Output Layer. Input data is projected into
higher dimensions via hidden layer, if this hidden layer is competently chosen, then output neuron can

learn to classify the data correctly [12].
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Input Hidden Output Desired
layer layer layer output

Fig 2.11: Projection of data in MLP

The hidden neuron and output neuron performs a weights sum of their input called net activation and
apply the transfer function to this sum to obtain the output. The most used transfer functions are

Logistic function, Threshold function, linear function and Hyperbolic function.

The leaning principle in MLP is by Back Propagation. As shown in the fig [2.11], when the output Oy, is
not equal to the desired output Tk, the data are back propagated via output layer to hidden layer and
weights are corrected in the hidden layer such that data is linearly classified. This back propagated error
represents the percentage of error in the output layer that is caused by the hidden neuron. The hidden
layer is generally used to make a bottleneck, forcing the network to make a model of the system

generating the data, with the ability to generalize to previous unseen pattern [13].
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Learning in a MLP: The Back propagation Learning Rule

The back propagation algorithm consists of a feed forward pass meant for computing the activities in all
layers. The wj, means that the hidden neuron j participated a lot in the error made in the output neuron

k.

For the hidden neurons
N.
yi=f (netj(x)) = f(X;2, wij-X; + b))

For the output neurons
0 = f(nets(») = F(E7%, Wik y; + by)

And of a feedback pass to back propagate the error of the network.

O = (t — Ok). f'(nety)

N
51 = f,(net])z ij '6k
k=1

2.2 Radial Basis Function (RBF)
The RBF neural network is similar to the other net algorithm, but used different error estimation and

gradient descent function and result obtained from them is also difficult to understand.

Input space Feature space Linear classifier

Fig 2.12: Radial Basis Function network
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The RBF network consists of a layer of units performing linear or nonlinear functions of attributes. Its
structure looks similar to MLP with one hidden layer called as feature space and the input data of
dimension d is transformed through ¢ into feature space. If the function ¢ is chosen correctly the data
become linearly separable [13]. The most popular function used is a Gaussian function because of its
localized properties as maximal for the center, decreasing to zero for bigger distances. Each hidden unit
specializes on a restricted part of the input space, the resulting code is sparse (only a few ¢;(x) are
different from 0).

The output of linear classifier y is defined as

y = F(x) = 2 wi . (%)

The function ¢ is called Radial-Basis Function, as it is localized around its center and symmetric.
The function used for the hidden neuron is Gaussian centered on each training example

@i (%) = exp(-| |x-x;[|?)
The classification problem can be rewritten as
O.w=t

Where @ ={gp;; = @(|]x; — x| |)}?_'j:1 is the interpolation matrix, w is the linear weight vector, and t

is the desired output.
RBF uses a cross validation technique to handle noise. As error on the cross validation set increases
algorithm stops training, which is most advantageous when compared to other algorithms. The hidden

layer is computed through a single function ¢, but not a series of weights as in MLP [13].
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The other advantages of RBF when compared with MLP are:
e RBF is faster to use than MLP, as the hidden layer is computed only through a function of
distance not weights.
e With the same number of hidden layers, RBF is more precious than MLP in terms of the
generalization error.

e RBF performs faster than MLP [13].
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In this chapter, we discuss more about the concepts, formulas we implemented in this thesis work. In

order to speed up the application process, we need to automatize pre-processing stage. The following

architecture is suggested for automation process.

Image Character Mapping Pre filled course Software
Detection Module Data Module
Library
( \
Hardware
[ Server ] Smart Phone ] [ nC ] Module
\ y,

Fig 3.1: Architecture of concept

The complete architecture of the working model is described in the figure 3.1. The model is divided into

two major blocks one supports the software part called software module and the one that supports

hardware infrastructure named as hardware module. These modules are well connected with the
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required library functions. The major components of the software module are Image Detection,

Mapping module and GUI and hardware that are used are servers, client PC and mobile.

3.1 Image Character Detection

In this module the image is given as input in any of formats like PDF, tiff, etc., the data in this image or
document provided as input should be read and its digital format should be provided as output so that
this result can be used for other applications. This conversion of one format to another is done by using

OCR.

OCR is a process in which alphanumeric characters in document are converted automatically into
computer readable code text. OCR currently encompasses two distinct areas — pure optical character
recognition, using optical techniques such as mirrors and lenses and digital character recognition, using
scanners and computer algorithms. The field has come far, from an application that require font-specific
training, to current, intelligent application that can recognize most fonts with a high degree of accuracy.
Most of these intelligent applications use some forms of machine learning to adapt and learn to
recognize new fonts. The Current OCR machine achieves an accuracy of more than 97% with computer
documents, 80-90% with clearly handwritten text on clear paper. Recognition of cursive text is an active
area of research. In this process, there are many sub processes performed for further analysis like the
function pre-processing uses the input image takes from scanner or any other source to transfer the
original text image into a bitmap file or binary matrix. Then it undergoes a text analysis process to
section the text image into lines and characters. Next in this process, we have a recognition process in
which the data is manually entered in the database and the output data of the scanned image will be

compared.
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Initial step in this process start when applicant’s data processing is entered and the file with applicant
details like personal details, educational qualification, work experience, and language skills is given as
the input and details likes university, study course are read and this details are compared with the
prefilled data in database and we obtain a list of same university and all course list which are given to
OCR to conversion and working of OCR start from here and output generated form the OCR will be Text

Fragments. The text fragments are given to further mapping module.

3.1.1 General Classification Controller

This is the main module that process required output. It will be a part of Mapping module. The major
work involved includes creating files of required format, conversation of formats to map the formats in
the database and servers. As the files are generated from the different tools and software’s, the final
output will use these files to generate or predict some results from these files so the formatting of this

file plays a vital role in this process.

General Classification
Controller

Prediction
Control Flow

Training File Prediction File

Generator Generator

Fig 3.2: General classification segments

The General classification controller comes under mapping module. There are two types of files that are
generated in our application when we compare how good SVM and Cluster can classify our input data
with a complete course list of university of a particular study path to the courses that can be mapped to

ASE related courses. In this module LIBSVM will be triggered on and data training, testing and
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classification will be done with it. We implemented SVM in this module in which the input data from
OCR and DB prefilled course loader will be used for training SVM. The input data from OCR will be
classified in such a way that all text fragments that are generated will be divided into the ASE course list

or to exclude list.

The machine learning package used in this thesis is LIBSVM. It is a package for support vector machine
technique. LIBSVM includes several kernels, including RBF (radial basis function), a polynomial and a
linear kernel. Here for a give training set of instance label pair (x, y;), | = 1, 2, 3... where x;e R" and

y €{1,-1}, the SVM requires the solution of the following optimization problem:
%W W +CYE_ L g
Subjected to  y; (W' (xi)+b) >= 1-§,
&>=0

Here training vector x; are mapped into a higher dimensional space by the function. SVM finds a linear
separation hyperplane with the maximal margin in this higher dimensional space. C>0 is the penalty

parameter of the error term.

In the below diagram complete working if mapping module is demonstrated. The output of this module

will be both SVM and cluster based classification.

SVM Predict:
SVMModel:: Predict — Predict a value for previously unseen data.

Description:

public float SVMModel::predict ( array S$data )
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This function accepts an array of data and attempts to predict the class or regression value based on the
model extracted from previous trained data. Output will be a class label in the case of classification and

a real value in the case of regression [14].

SVM Train:

SVM:: train — creates a SVMModel based on training data.

Description:

public SVMModel svm::train ( array S$problem [, array Sweights ] )

Train a support vector machine based on the supplied training data. The output for this will be an SVM

Model that can be used to classify previously unseen data [14].
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3.2 Mapping Module

Mapping Module

W

General Classification

Contraoller
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e it s .y
Training Module Prediction Module
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Controller
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List
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Prefilled Course Data

Fig 3.3: Block diagram of Mapping module



Page |42

The above diagram shows the complete workflow of mapping module, in which SVM and cluster based
approaches are calibrated. Tesseract with Java is used to write the complete code structure. Further, in

this paper, we discuss about the formation of SVM and Cluster classification.

3.2.1 Weight Optimization and Lookup Module

In this module output of OCR i.e., text fragments is considered and compared with the prefilled courses
in database by setting up some parameters while training the SVM or while creating clusters. In case of
SVM the process of weight optimization is done while training the SVM data. Once the data are trained,
training, file gets generated in this file it keeps counting the characters that are repeated in the OCR
text fragments and a parameter value of 0,13 is set for each repetition. This value is compared with the
database stored course values and SVM classification on if the course is related to ASE or not is done.
This work similar to the lookup module too in which the prediction of SVM is requested, before this
request an SVM input string should be generated in which number of characters that are repeated can

be generated and a value for this is set.

In clustering module the input for optimization is given from the OCR text fragments, once the training
process gets started optimization of character repetition parameter is set, accuracy result is observed in
the result file after comparing with the clusters stored in the database. Lookup module starts once
prediction request is sent. Here comparison is done with distance measurement and get closest cluster

for mapping of courses to ASE.

Distance measurement and border calculations are done with different formulas by taking the length of
word into consideration. We do have an output form OCR that can state long lines by considering the
certificate format. We observed formats of certificates differs from university to university. The formats

can be in text string followed by a number and then again text string to number. This type of format is
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considered as long line. For word mapping in clustering, formulas are set for two different types of word

strings like long words, words with 4 and 3 characters.

The Long word string is determined by the empty space occurrence in the word string, empty space is
given a special parameter value while creating a vector. The formulated way is to find the connectivity,
minimum distance, distance and border values. If connectivity is greater than a border then it is mapped
to the ASE course. If the words that need to be mapped are with 4 and 3 characters, then they are
formulated in a different way, as they are compared with each and every letter in a word one by one
and if they are exactly mapped then word with 4 characters are given a bonus of 0,01 to obtain the

character cluster preference value and 0,10 of bonus is added to the word with 3 characters.

3.2.2 SVM Classification

SVM are commonly used for binary classification. The basic idea of SVM, introduced by Vapnik in 1995
is to separate two classes with a wide range of margin as possible, assuming that the data is linearly
separable. Linear separation can be exemplified by drawing a line on a graph of the training data,
separating the two classes, given that the input feature vector is of dimensionaity2. SVM can also be
used to classify the data that is non-linearly separable. A cost or penalty parameter may be introduced
in order to allow for some misclassification. This C parameter controls the trade-off between allowing
for some data points to be misclassified and enforcing the margin between the classes. This can result in
so called over fitting, obtaining a more accurate model for that particular set of training data, but one
that may not perform well when used with another data set. A lower C value means more
misclassification is allowed, perhaps resulting in lower accuracy. It is thus important to select an

appropriate value for this parameter in order to achieve good accuracy without over fitting.
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LIBSVM s a library for support vector machines. LIBSVM and LIBBINEAR are two popular open source
machine language libraries; both of these libraries are developed at the University of Taiwan by Chih-
Chung Chang and Chih-Jen Lin. Can be written in Java and C++ languages. Implementation includes

following below steps:

e Convert data into SVM format

e Conduct simple scaling of the data

e Consider the RBF kernel K (x;y) =e

e Cross-validation is done to find the best parameter C and gamma

e To train complete training data, we use obtained best values of C and gamma.

e Test

3.2.3 Cluster classification

Both training data and predicted data will be used in clustering. In this clustering module we write a
code to calculate minimum distance, distance, border and connectivity. As the data is prefilled in the
database using web applications, this data is used for training our module. The parameter values of this
data will as distance is 0 and connectivity is 100%. Text fragments obtained from the OCR are given as
input that should be mapped to the ASE course path by using the parameters distance, border and
connectivity. Here prefilled data is considered as cluster and we try to map the fragments to this cluster
and consider word for which we obtain connectivity > border. Cluster approach uses features of distance
inaccurate (defuzzificated) calculate way to find closest matching course for giving course fragment. This

closeness will be a border for cap calculation.
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3.3 Pre filled course Data

Once courses related to ASE study path is generated which is based on the clustering, these courses are
loaded to a web page. These are the courses that are mapped to ASE study path. There can be further
developments that can be added to this web page, where we can add a button to select or edit the
courses and check if all the courses we obtained from cluster classification are correct and if we can use
this data for further processing. If we find any disturbed or wrong course we can remove that particular
subject from the list by selecting it. We generate a matrix for these courses that are mapped to ASE
study path, this will have a good scaling in final result weather to accept the application or not. There
are other matrix’s like work experience, certifications in computer courses and German language skills
that can move the scaling factor bit higher. The OCR detected and ASE study path mapped courses are

then presented as preselected input values to the auditor for further processing of the application.

3.3.1GUI

This is the final component of Software module, which mainly includes data input components and data

processing components.

S
\

=

Data Setup Pre-select

Module

Form Module

]

N Y,

Fig 3.4: Work flow of GUI process
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As stated above component to collect data mainly includes manual inputs what auditors do to extract
the courses related to ASE study path, updating the database by manual entry of universities from
different countries, different study paths from each and every university and finally setting up a
database with the courses related to ASE study path. All these upload and updates are done by web
applications which are designed for each and every application separately. One other form from which
we obtain data is from Uni-assist, in which we have complete data or information about each and every

applicant.

The other component which is included in this GUI is a component to process data. The data processing
state mainly includes OCR data by which we obtain text fragments, which are in digital format that is
sent to Tesseract for further processing. Auditors are also part of this data processing component as
they manually update the database and have a look into a complete process of automation. In this
process the time saved and effort led by each auditor decreases gradually and efficiency in processing

application has increased.

3.4 Library

Library mainly includes the support we get to execute different scripts for all applications in Tesseract.
We included different libraries from Java, LIBSVM, Python and PHP, which includes ghost library, JDK

and Jar.

3.5 Hardware Module

Hardware module includes, servers, PC and Mobiles. Currently in this project we loaded this tool on
server and PC, but farther there can be a scope to develop this project to load this application for

mobiles.
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Chapter

Realization

The below diagram show the flow chart model of code implemented. The complete code is written in
Java (Tesseract) initially OCR is called, a Tiff document is given as input to OCR and complete process of
OCR as described in the previous chapter is performed and the output from OCR are text fragments. This
output is further given to SVM and Clusters and results are compared to check which method works fine

to map more accurately to the ASE course list.

Text
Image OCR Tesseract Fragments

Lookup with Comparing
SVM with
Clustering

ASE Related Courses

Fig 4.1: Block diagram of complete implementation process
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As stated in above figure SVM and Cluster modules are connected with the prefilled database in which
we had data about the universities there courses and subjects related to ASE. This data is used as the
training our module which is done by using LIBSVM. This training will work effectively with SVM results.
In the cluster module we implemented Dimensionality distance calculation for which we used

parameters like Distance, Border and Connectivity calculations.

Distance = min. distance / length

Border = 0.1+10*distance
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4.1 Web-based Preselect Module

The below figure 4.2 shows a web application by which auditor can enter data manually and upload it to
the database for the filtering process. All the applicant data will be displayed on this webpage. Here we
have a choice to update the information about new universities, we receive from different countries.
Once the details of the applicant are filled and uploaded a unique id is created for each and every

application.

Direktinks ~ Anmelden  Kontakt | Suchwort

@ Universitat | Fakulidten | Zentrale Einrichtungen | Studium | Intemational

TECHNISCHE UNIVERSITAT Technische Informatik
CHEMNITZ

TU Chemnitz—> Fakultat flr Informatik — Technische Informatik

Boni fur Personenbewerbungseigenschaften zur Auswahl einer Person: svm input

Professur " ‘ ‘
Forschtng Bewerbemummer ‘ ‘
Lehre Vomame: ‘ ‘
Publikationen Narme: ‘ ‘
Projekte Geschlecht C mannlich ) weblich
Kooperationen Land: ‘Ind\en ‘
Service / Info Studiengang(wlechsler: — O'ja @ nein
Universitat: \ v|  Universitat hinzufigen
i Regonalguppe Studiengang ‘Bachelor Computer Engineering (CE) 7
& Siftung 83 Bachelomote C Jeen | omen

—alte Seite

Iniroduction fo Computerandlnfo v ——

Fig 4.2: Application format we used for complete process
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A new option we have included here is SVM input on the top right of the webpage of figure 4.2. Once
the data is uploaded and Id is created, some fields which we are interested in are stored in SVM input.
This data can be further used in implementing new concepts of SVM in automation process and also to

set up high volumes of data samples for training SVM.

The below figure 4.3 shows the web application with an option to update new university. Here we can
update the course path and ASE related courses in this path. To the maximum and minimum marks that

can be awarded and type of course, like if it is a lab or theory.

TECHNISCHE UNIVERSITAT Technische Informatik

CHEMNITZ

TU Chemnitz— Fakultat fir Informatik — Technische Informatik

Neue Universitat: anlegen
Professur ‘ ‘
Bearbeiten: | v
Forschung
Nmin:
Lehre
- Nmax:
Publikationen
. S
Projekte
A+
Kooperationen
. A
Service / Info
A

Fig 4.3: Web application to update the universities
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Direktlinks ~ Anmelden  Kontakt

@ Universitat | Fakultaten | Zentrale Einrichtungen | Studium | International

TECHNISCHE UNIVERSITAT Technische Informatik
CHEMNITZ

TU Chemnifz — Fakultt fUr Informatik — Technische Informatik

Universitat: v
Professur
Studiengang: v
Forschung
Kurs: v anlegen
Lehre
o Typ: M
Publikationen
min:
Projekte
max;
Kooperationen
Service / Info
+ Typ lab oder theory um min max Werte auszulesen
+ Verwendung der default min max Werte von theory und Iab aus University solange kein min max Wert zu Kurs zugeordnet
wurde
—» Gl Regionalgruppe * Kurs zu beworbenem Studiengang zuordnen

3 Stiftung IBS

- alte Seite

Fig 4.4: Web application to update the courses in universities

As shown in the above figure 4.4, we can update the courses of particular university with this web
application. In first tab we can select the university for which we are updating course and we can include
type of course it is. It can be a theory or lab and we can award maximum and minimum marks that can
be obtained in that course as per university guidelines. This detail can further used to apply a scaling

factor such that a general grading that is applicable for all universities can be obtained.
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The below figure 4.5 shows the SVM data, we gathered. The first number in a row shows the result and
other as the parameter we set in SVM data formats. Here we consider the LIBSVM format as a key value
pair. The first number on each line will be a result stating if application is accepted, rejected or
application is in process. As stated before SVM data will be in key value pair, key 10 indicates the score
obtained by applicants in the previous study course, 11 indicates number of computer related courses,
12 indicates if there are any specialist qualifications, 13 indicates if there are any compute related
certificates by the applicant. All these parameters give bonus points to apply for the final selection

process.

tesult accepted(1). not accepted(0): Abschlussnote/6 (10) informatikficher (11). very good qualifications (12) qualiications (13) other qualifications (14) abbrecher (13)

410:048817333333333 1116 120 13:0 141 150

2100366205 1122 120 134 141150

21004625 1135 120 134 146 15:0

210:050376666666667 11:15 12:0 13:2 14:115:0

210046975 1L1T 120 132 14:015:0

210:048791666666667 1128 12:0 13:2 14:115:0

10044381 LLI0 120131 143 150

410:0.43766666666667 11:9 120130 14:6 150

0:0.23888833333333 L1 15 120 13:0 141 15:0

410:0.44391666666667 11:36 120135 148150

0:0.26166666666667 11:27 12:0 13:2 141150

410:0.39391666666667 11:1 120130 14:1 150
L1120 130 141150
l
l
l
l
l
l

§
§
L
L
8
(:0.32166666666667 11:
LH20130 141150
¥
§
§
§
L

41

41

21

41

21

41

21
210:0.17666666666667
100502 IET12013:0 141150

41 20130141150
41 F2013:0 141150
21

21

21

41

41

410:0.44058333333333
410:0.56666666666667
(:0 3487166666667 11:1 12:0 13:0 141150
(:0.20891666666667 111 12:0 13:0 14:1 130
G025 11120 13:0 141150

410:0.36466666666667 11:1 120 13.0 14:113:0
10045080 TET12013:0 141 15:0

Fig 4.5: SVM data from uploaded applications
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Once the courses are entered into database tables, these courses can be mapped to different courses of
the master’s program. Mapping of bachelor courses to different masters courses is to setups the cluster
classification and SVM classification for further developments in this thesis work. This is one new
implementation, we made to update the training and cluster data for further projects. In this thesis work
we focused on the courses related to ASE so we mapped all the courses to ASE. Mapping of course can

be done by button at the end of the webpage and list of courses can be seen in the screenshot.

Direktlinks Mein Profil Kontakt

L.

E Universitat ‘ Fakultaten Zentrale Einrichtungen Studium ‘ International

TECHNISCHE UNIVERSITAT Technische Informatik
CHEMNITZ

TU Chemnitz —» Fakultat fur Informatik — Technische Informatik

ASE: Data Communication and Computer Networks (Electrical Engineering)

Professur ASE: Software Project Management (Information Technology)
ASE: Software Project Management Lab (Information Technology)
Forschung ASE: Artificial Inteligance (Information Technology)

ASE: Data Mining and Data Warenhouse (Information Technology)
ASE: Distrubuted Systems Lab (Information Technology)

ASE: IT Infrastrucutre Management Lab (Information Technology)
ASE: Software Quality Engineering (Information Technology)
ASE: Real Time Systems (Information Technology)

Lehre

Publikationen

Projekte
ASE: DBMS Lab (Information Technology)
Kooperationen ASE: operating system (Information Technology)
ASE" operating system Lab (Information Technology)
Service / Info ASE: Computer Networks (Information Technology)
ASE: Data Communication and Computer Networks (Electrical Engineering)
ASE: operating system Concepts (Electrical Engineering)
ASE: (Electronics and Communication)
— Gl Regionalgruppe ASE: Basic Electronics Egineering and Information Technology (Electronics and Communication Engineering)
&> Stiftung IBS ASE" Computer Programming (Electronics and Communication Engineering)
5 alte Seite ASE: Information Systems Lab (Information Technology)

ASE: Introduction fo Web Technology (Information Technology)

ASE: Information Systems (Information Technology)

ASE: Computer Networks Lab (Information Technology)

other: UNIX and Shell Programming Lab (Bachelor Computer Engineering (CE))
other: (Automobile Engineering)

other: testkurs22 (test studiengang1)

other: testk (tests)

Beworbener Studiengang:  Master Automotive -

zuordnbare Kurse: -

Fig 4.6: Courses mapped to ASE study path
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Further, we see the setup of the database and tables that store applicant data. We used PHP My Admin
as the database and complete university applicant data is stored in a particular format. In this project we
strictly stick to the previous format such that old data we have till now and data we process from now

can combine together and setup SVM and clusters accordingly.

phpMyAamin
Willkommen bei phpMyAdmin

—| Sprache - Language |

| Deutsch - German v

—| Anmeldung & I

Benutzername:

Passwort:

Server auswihlen:
MySQL-Server (URZ): mysgl.hrz.tu-chemnitz.de v
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The below figure 4.7 shows the table item data of university registration and their Id values. As stated in
the above screenshot data entered with university name and the course type, with maximum and
minimum marks are stored. These values are further used in the CGP calculation and obtain a particular

grade for the selected ASE related courses.

PhPM_U A dm ,'n 2 Sarver:MySl-Serve URZ): sz e, e ) Deenbnk: preOtind o Tobell: Univsies
allGo0e 7 husign ¥ Sk [ SO Swhe ¥ Enfigen 2 Dot 5 Inportern 4 Opeaonen 9 Nechverolgng
MuelrSever — — — o
‘M?SQL'SEW(URM T Nach Seflisel soniemn:‘ (ehe "
teTad.. T i
+T-+ v Id Name min nmax markintemmax markexeromak Beschreibung § A B C D £ U
| Univrsifies s "
vty | - 7 Beaeten e Kopen @ Lischen 1 Ao Uty ot 5110 %5 85 Tab 655 585 53 |0
WO | vt e i Ddabn MR B eyl SSEST EIRED 0
ey ke Tetogea ey i)
| UniversiyProcessor Fyderaa..
- UnvestyRegsteon | 7 Beahefen e Kopeen  Lischen 3 Ann Uy Chemi EMLMEMEME A
gl | Deateten e Kopeen @ Lischen 4 e Dayanend
| UniversyRegisteion Uriversty Robtak
1 vttt B 7 Beatefen % open @ Lishen 5 Rl GariProge
- UniversityRegistalion Vihvavidyalaya
= UnivestyRegiaont? | ] 4 Beateen 3 Kopeen @ Lishen 6 Univesty of Pune
UnivesiyRegteis | 7 Beateen i Koeen  ishen 7 Enugy e ey AT
| UnversityRegraton4 Sclence and Technobgy
1 nvestyRegsteonts | | Beateen 3c Kopn @ Lischen 8 Chagong ety o 115 625 475 425
7 UversReaisatonts Ergeing an

Fig 4.7: Screenshot of tables stored in the database
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The below figure 4.8 shows the database tables with Unild that indicates the University, course name
with type and study path. These are the courses which are related to ASE study path. Further process
followed in this is, if there is an application with this university and course, then the data that are
profiled in the below tables are called by Tesseract and mapping of coursed from OCR fragments to
these courses are done. Each and every university will have a unique id with respective of the course

name.

phpMyAdmrn = ﬁﬂSenrenWSQL-Senrer(URZ]:rrq;sql.hmMemnitz.de»|Daienbank:prefObjBindalTabelle:UmversilyCoumes
A In| se0e | Anzeigen - Struktur u SOL 4 Suche 3 Finfigen . Exporfieren ., Importieren JJ Operationen  # Nachverfolgung

Aueler Server Nach Schidssel sorfieran beine '

MySQL-Server (URZ):r v

[ 7 Bearbeiten $ Kopieren @Lﬁschen 111 11| Bachelor Computer Engineering (CE) | Object Oriented Programming Lab [ab

+(pfionen
(Letzte Tabellen).. ¥ B v [0 Unild Studiengang Kursname Typ  min max
Lo i i 0 7 Bearteien }EKopieren@LﬁscheM 11/ Bachelor Computer Enginesring (CE) | C Prog & Data Structures fheory
- | UniversityCourses & -
:-'JiUni\rersiWODEewe i |/ Bearbeiten 4 Kopieren @ Loschen 2 11 Bachelor Computer Engineering (CE) Digite! Logic Design theory
I| UniversyProcasser 0 7 Bearbeien  Kopieren aLﬁschen 3 11 Bachelor Computer Engineering (CE) | UNIX and Shell Programming fheory
I-.jUniversiWRegistraﬂon U Bearbeien 3« Kopieren '@Lﬁschen 411 Bachelor Computer Enginesring (CE) Advanced Data Structures Lab [ah
S A mm en ;
T-,JUHWEWRGG'E atont | () Bearoefen 3 Kopieren  Loschen 5| 11 Bachelor Compuier Engineering (CE) NI and Shel Programming Lap lab
A 3”!“”5@299!5 am:;] (), Beartefen § Kapleren { Loscnen 6 11 Bacheor Computer Engineeing (CE) Sofiare Engneing theory
- | UnivarsityRegistration .
HUni\rersigRegis - 0 7 Bearbeien %« Kopieren @ Ldschen 7)1 Bachelor Computer Enginegring (CE| Principles of Programming Languages fheory
l_’ iUni\rersiWRegis aiont3 | U / Bearbeiten 3« Kopieren '@Lﬁschen § 11 Bachelor Computer Engineering (CE) | Computer Organization theory
I| UniverstRegistatondd | O 7 Bearbeiten ¢ Kopieren @ Laschen 911/ Bachelor Computer Engineering (CE) Data Base Management Systems fhaary
l-.jUni\rersiWRegis afonts | O  Bearheiten ¢ Kopieren '@Lﬁschen 10011 Bachelor Computer Engineering (CE) Object ariented Programming theory
‘ f
+
]
+
T

- UniversiyRegistaiont7

4| UniversityRegistrafionid . o o
L-JUni\rersiWRegisammU {7 Bearbeiten $ Kopieren @ Loschen 13| 11| Bachelor Computer Engineering (CE) | Formal Languages and Automala Theary  theory

raf

raf

raf

raf

raf

raf

raf
- UnversiyRegistaionts

m () Bearbeiten ¢ Kopieren @ Laschen 121 11 Bachelor Computer Engineering (CE) Data Base ManagementSystems L3~ fab

iral

raf

raf

iral

i UnivestRegisraiontd | U  Bearmeiten & Kopieren 3 Laschen 1411 Bachelor Computer Engineering (CE] Software Tasing Methodologies theary
I-IiUni\rersitfRegisamMU 0 7 Bearteien }EKopieren@Lﬁschen 151 11| Bachelor Computer Enginearing (CE) | Computer Graphics fheory
T-.JUnwerstegm antd |  Bearteiten 3¢ Kopieren 3 Loschen 1711 Bachelor Computer Engineering (CE) Microprocessors and Interfaces theory

Fig 4.8: University Id and ASE related courses
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i o 1 Server: WySCL Senver (URZ):mysql iz u-chemmmiiz de » § Datenbank: prefOfifind » [ Tabelle: CharacterClusterPrefernced

phpMyAdmln (1 Serer WSOl Sever (URZ) g »  Danbank prefind»

YTV U Anzigen p Struktur Q SOL . Suwche ¥ Eifigen . Exportieren || Importiren L,Mper;ﬂionen % Nachverfolgung

Aktugller Server:
\MySQL—Sewer[URZ}:r ' '
(Letzte Tabelen) .. ¥
‘ v ldspacea b ¢ d e f g b @ j k1l mn o p g r st U vV W Xy I DNewrogam resutgroup
+ | CharacierCluserPrere |
l'. | Craatelepee Lischen 1 024036 0048024048 0 0012002 0 0 002012012012 003 0036024012 00 0 0ASE émuctee?
|
T'.J Fie Achiecie
4T.-._l|Kalender Lischen 2 012,024 0024 0036042012 006 0 003% 0024 0 0 0012 0024 0 0 00 0 0ASE Artfcia
1 | Person teligence
T-.errsum Lischen 3 012,002 0024 0012 002012002 0 0 0042 001204 0024002002000 0 00 0 0ASE Computer
#-' _'| Perzontld Graphics
47.-._'|Fersun11 Lischen 4 024024042 024) 0042 0012012042 0 002092 0042024 0024002092012 0 00 0 0ASE Computer
4 | Persont3 Graphics Lab
1‘--,_'|F9f5°M5 Lischen & 0120 0 0012 0024 0 0 0 0 00082 0002012024/002 0024012 0240020 004200 0 0ASE Computer
1-. | Persontl Networks
l-._'|Fersun101 Lischen § 036048 0036012036 001201203 0 0 0012036036012 0048 0048024 0 00 00124 compier
- | Peson2 Or%anizaﬁon
I — n
bl Fel Aitece
- | Person0d
#' Lischen 7 024036092 036 0024 0 0 0012 0 002042 003604 0048 00360020 0 00012 0ASE Computer
4 | Persant03 Prachice
4T‘.-. _'| Person06 Laboratory
;r'._'IF”E"MW lischen & 02024 002002002 0 0 0 0 0 0 0 0 0 0 0 004040604 0 00 0 0AE  Dsa

Fig 4.9: Generated Character cluster preference

The above figure 4.9 shows the Character Cluster Preference that is generated for each and every
university. These cluster tables are filled with the course name and their corresponding parameter
values. All the courses which are extracted from a university course are used and parameter values are

based on the algorithms we implemented in Tesseract.
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Editor ASE (Ahd|) Malto Ffor - pew applicants st ofo
) : County, o . Informtics
'Echt BE‘J“ Bie Xmﬁe. Gemary Unmerstet Course of studies Figl grade sy Faecher  Status Remark
I {uatncalation) Gesell Faecher .
Imorvledpesble Ay Nete
1 10 Preh A e I s Deynen Uty R ?Egﬁbrﬂm:“"dﬂm”ﬁ“?m? ?;?ﬂ:éjm“ 10 4 Daidems
o ; e Bachelor (Tech ) Fleeromes and CommmcationBachelornote ; e
9 wiRTIE RIS Pantosh Baira mémbch India Rapv Gandb Proudvoea Vishwavidyalaya Fopeens (LD 1T D 131 1 DawelRemsner
10 wI376702 (30343 Suyog Pradip Mrbwan mele Indien A2 Unrversty of Pue Bachelor Information Techmology (IT) ?:ih;ﬂbmme 5 00 2 DuelResmer
1 4Gy Suke KtRan M i e ut ‘miTmm T
“ 45 Engmeerms (ECE) 30346
D wEDRE) VophSiebuimih o FEETE SR, Oy R sl T T (O
‘ i Engmeermg (ECE) 415
; o i N ok Bachelomote s
1 147330 Nusemeka Edeh minmiich Nigeriaand Eougu Stte Unrversity of Scence and Techmology ~ Bachelor Couputer Enpmeerme (CE) %5 B M 1 DuelReswrsy
15 MR Mobanmed Aslrafil Abm Male — Bangladesh Chuttageng Unersty of Engmeermg and Techmology Eﬁlﬂr]ﬁleﬁ:ﬂmdﬂ&teﬂﬁEugmeamg lﬂi::ﬁh\eg[zmote 0 34 4 Dl Respermn
il A ; ok ; : : Bachelomote L
16 14378430) Saseendhran Sroasan male Indien bl 2 Anna Unwversty Chenmnar Backelor Mechmea Engmeerme (ME) -~ % L 19 4 DmelRessmerar
mngladssh First Do : i G i ad ;
1T 1600 A\ M oo bl P RO R VT, o e N ol R U T (O
(Gemun coumse Engmeemg (ETE) 143353
; S Bachelor Electncal Telecomumiation Bachelomote s
A, - e T . 1 3
1§ 148040 Swapmi Ghamgham male Indien Al Unrversty of Pume Beieans T 166 3% 3% 4 DuelRefmer
Y- i . Bachelomote ) )
JLAE Y] Nuzaeh Oy Alam Estoma American Interstional University-Bangladesh Bachelor Software Enmzemz (SE) 157 bl 142 Dl Rener

Fig 4.10: Tables with Applicant data at final stage

The above figure 4.10 shows the database tables assigned to each and every application. Once the

complete processing of the application is done, Id values are generated and here we can have complete

document avalibles for each and every application. In this web application, we can enable an option that

can send applicant email if application is accepted.
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The below figure 4.11 is from Tesseract-NetBeans IDE 7.2 Beta version. In which we implemented the
code for the competing process of obtaining Tif document, calling OCR and reading data from a
document and converting it to text fragments. Use these fragments to map courses to ASE study path.

Once courses are mapped we send them to web page for further processing.

9 TesseractTest - NetBeans IDE 7.2 Beta -0
File Edit View Navigate Source Refactor Run Debug Profile Team Tools Window Help Q- search (Cui+1) |

PEERDE e TH DB O [amde

Proj... X[ Files [Senli... Iclﬂsjﬁ 1 = TesseractTestqava x@TesseractTest‘Java xl@Ccnnecﬂ]E‘Java xl fragment java xl ConnectDB.java xlThread‘Java [rfo] xl AnalyzePDfFonts,ps xl “__’|E]@
9& TesseractTest a E‘ History ‘ @ - E| - o ‘ [Eg
‘ @ Source Packages 33 77 TOUT NETWOT ”
- @@ Lbraries 46 /! netwoerk u
& TesseractTest 4
9E§ Source Padkeges 18 public TesseractTest|(){
[ «default package:» 4
@ [—— 50 //tenplates = new LinkedList<String>»(); //will be created from db class
@ 8654 pkaconfiy Q: bestCourses = new LinkedList<fragment>();
-@ tesseracttest 2 . ) L .
. 53 //templates.add ("network the ; //lower case comparison
; Custefon va 54 //templates.add("logic design"): 7
» ConnectDE.java 5
@ TesseractTestjava @ charsvmidz = new HashMap<Character, Integery():
- 8] fragnent java 57 charsvmidx.put(' ',9);
- ] btesseract.so 58 charsvmide.put('a',10);
@ Win32-x6-64 58 charsvmidz.put('b',11);
@ Libraries v 60 charsvmidx.put('c',12);
doccpDB - Navigator xl = 61 charsvmidg.put('d',13);
e " 62 c:"nars'm.i..dx.put ('e',14);
63 charsvmidx.put('f',15);
Bﬁ TesseractTest " 64 charsvmidx.put('g',16);
§ Tesseracest( 65 charsvmidx.put('h',17); v
() compressDB() ‘ s
() doSVMTraining(baolezn writeduplicate)
O docpD( Find: v |‘Prew0us et | [|Match Case ] Whole Words [ | Reqular Expression [/ Highlight Results || Wrap Around *
&) getComeciit(stng tenplte, S7g [ putput x[ Java Call Hierarchy } =
% getl astAccuracy (String fpath) : float
{y main(String] args)
() matchchars(String template, String ocr)
() matchchars3(String template, String o
(§ predict(String setname, String request)
b imbemeramGenraccsuiliar nh Shrinn
¥
| s82]14 |ms

Fig 4.11: Screenshot from NetBeans
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The below figure 4.12 shows the code for the training module, initial stage it generates array from

character strings and assigns each character with an alphanumeric number increment of 0.25.

public wvoid doSVMTraining (boolean writeduplicate) {

LinkedList<5tring» courselist = my=sgl.getASECourses():

= W
"

S5tring svmtext =

elem : courselist){

System.ocut.println(elem) ;
Map<Character, Float> alpha;

alpha = new HashMap<Character, FloatX>():

]
i
(=X
i
1]

1]

for(int i=0; i<elem.length(),; i++){

char curchar = Character.tolowerlase (elem.charAt (i)}

float oldwval 0:

if (alpha.containsKey (curchar) ) {
oldval = alpha.get (curchar) ;

Fig 4.12: Screenshot of code form Tesseract to train data
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] public boolean predict(String setname, String request){

[/1. write request az one line to file test.txt

try (BufferediWriter out = new BufferedWriter(// y

new FileRriter("C:\\Users\\User\\Desktop\\TesseractTest222\\TesseractTest\\libavm\\test, txt", false))) {
out.write(request);

} catch (ICException &) {

e.printStacklrace();

WiFfared writer writes asl swnerted immediatslu
[IBTEO Wr1Ler writes as) expected Immedlatel

[/2. scale to test.scale

ProcessBuilder pb0 = new ProcessBuilder("C:\\Uzera\\User\\Dzaktop\\TeszeractTeat222\\TegzeractTeath\Libavm\ \avm-gcal
”-“_'”,
setname+"-train.txt.range",
"test.txt");
runProgram(pb0, "C:\\Users\\User\\Desktop\\TeszeractTest222\\TeazeractTeat\\libsvm\\teat.scale”, false);
call svm predict

o bdll

ProcessBuilder pb = new ProcessBuilder ("C:\\Users\\Ussr\\Desktop\\TesseractTest222\\TesseractTest\\libavm\\svi-predi
"test.zcale",
setname+"-train.txt.mad=1",
"predict.txt");

Fig 4.13: Screenshot of code form Tesseract to predict courses

The below figure 4.13 shows the formulas we coded for prediction of courses. Here we used three
different formulas for detecting the courses and mapping to ASE study path. We differentiated courses
with length four, three and greater than four. If the course length is greater than four desired
parameters like connectivity, the border is calculated and if connectivity > border is found then courses

are mapped to ASE study path.
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In our experience with auditing, educational certificates of different universities, we found some special
course names with four and three character lengths, for example JAVA, C++ etc. These course lengths
cannot be mapped with the general formula so made a different formula to map these courses. We just
keep comparing each and every character and if the complete course lengths are matched, then these
courses are given a bonus of 0.01 for a course with length four and 0.10 for courses with three at

length. With this parameter, it can be easily mapped in character cluster preference.

int b = 1;

int curccrlen = slinearr([j].trim().length{):
if(slinearr[j].trim{) .length() ==4 && elem.trim().length() ==4 ){

connecttest = tes.matchchars (elem.trim() .tolowerCase (), slinearr[j].trim().colowerCase());
}
else if(curocrlen <=3 && elem.trim().length(} <=3 ){

connecttest = tes.matchchars3 (elem.trim() .tcolowerfase(),s3linearr[j].trim() .tolowerCase());
}
elsef

connecttest = tes.getConnectivity(elem.trim().tolowerCase(),slinearr[]j].trim() .tolowerCase()):

if (connecttest>0.75 && connecttest>maxconnectivity){
maxconnectivity = connecttest;

kestCours = elem;
besttyp = felem.typ:

Fig 4.14: Screenshot to formulate 4 and 3 lengths courses
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Chapter

Results

In chapter we see the results obtained from complete thesis work and discuss more in detail about
them. The below screenshot is obtained after code is debugged and run. This shows, training the data by
LIBSVM and accuracy of data is 100% from which SVM classification is done and this is also used in a

cluster.

& @ & options » 4

ocr-train. bt scale

Best log2(C) =5 log2(gamma) =-7 accuracy = 100.0% 100 —
C =232 gamma = 0.0078125 999.3 —

9.5 —
9% —
975 —
97 —

log2(gamma)

-5 0 5 10 15

log2(C)

Fig 5.1: Training data from LIBSVM
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2 shows first result from Tesseract, once the data is trained the pre-filled data in the

database are called and this data will be compared with the text fragments from OCR. This starts with

university id followed by the ASE related course and for these courses Character Cluster Preferences are

generated.
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B@ TesseractTest A
- {y TesseractTest()
- () compressDB()

- () doSWMTraining(baolzzn
- () doccpDB(nt curunivers!
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- () matchchars(String temp
- () matchchars3(String tem
- () predict(String setname,
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£ PRI FE e o=

run:
uni3

courseComputer Science and Engineering

Ldvanced Computer Architecture

19:0.24 10:0.36 12:0.48 13:0.24 14:0.48 17:0.12 1B:0.12 22:0.12 23:0.12 24:0.12 25:0.12 27:0.36 208:0.36 30:0.24 31:0.12
Artifieial Intelligence

19:0.12 10:0.24 12:0.24 14:0.36 15:0.12 16:0.12 1B:0.6 21:0.36 23:0.24 27:0.12 29:0.24

Computer Graphics

19:0.12 10:0.12 12:0.24 14:0.12 16:0.12 17:0.12 1B:0.12 22:0.12 24:0.12 25:0.24 27:0.24 26:0.12 28:0.12 30:0.12

Computer Graphics Lab

19:0.24 10:0.24 11:0.12 12:0.24 14:0.12 16:0.12 17:0.12 18:0.12 21:0.12 22:0.12 24:0.12 25:0.24 27:0.24 26:0.12 29:0.12 30:0.12
Computer Networks

19:0.12 12:0.12 14:0.24 20:0.12 22:0.12 23:0.12 24:0.24 25:0.12 27:0.24 28:0.12 28:0.24 30:0.12 32:0.12

-

computer Crganization and Architecture

19:0.36 10:0.48 12:0.36 13:0.12 14:0.36 16:0.12 17:0.12 18:0.36 22:0.12 23:0.36 24:0.36 25:0.12 27:0.48 20:0.48 30:0.24 35:0.12
Computer Practice Laboratory

19:0.24 10:0.36 11:0.12 12:0.36 14:0.24 18:0.12 21:0.12 22:0.12 24:0.36 25:0.24 27:0.48 20:0.36 30:0.12 34:0.12

Data Structures

19:0.12 10:0.24 12:0.12 13:0.12 14:0.12 27:0.24 28:0.24 29:0.36 30:0.24

Data Structures Lab

19:0.36 10:0.36 11:0.12 12:0.12 13:0.12 14:0.12 21:0.12 27:0.24 28:0.24 29:0.36 30:0.24

Data warehousing and Data Mining

1 9:0.48 10:0.72 13:0.36 14:0.12 16:0.24 17:0.12 18:0.36 22:0.12 23:0.48 24:0.12 27:0.12 26:0.12 28:0.24 30:0.12 32:0.12

Fig 5.2: Generating Character Cluster Preferences

Uni 3 in above figure shows the university id from DB tables with course name as Computer science and

Engineering. A further character string is created for each and every course related to ASE study path.
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The figure 5.3 shows insertion of courses into character cluster preference after detection of the

university, all the courses that are listed as ASE preferred courses are initialized. A character string is

created for further classification and mapping of courses to ASE study path.
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Fig 5.3: Initializing DB course list
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Below figure 5.4 shows the OCR detection of all courses from certificate. This detection works differently
for each and every university. As the text and numbering format changes from university to university,
we need to code them in different ways to generate these data. This data is further used by Tesseract to

work with SVM and clustering methods to map courses.
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Fig 5.4: Java tool output of detecting OCR text
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The figure 5.5 shows the results while calculating parameter values like boarder, distance and
connectivity. With this obtained value mapping of courses is done on further stage. Here we can observe
the result of both SVM classification showing if is related to ASE or not and also cluster result showing if

it is selected or not for the ASE study path.
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Fig 5.5: output of SVM and cluster classification
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The figure 5.6 shows the final results after mapping best courses to ASE study path. Here we can find a
course name with obtaining marks as output. The firs course name of every line is from the DB filled
data followed by OCR detected sting. This data can be further moved to web application where we can

set a formula to obtain some value for all this ASE related courses.
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Fig 5.6: ASE mapped courses
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We have implemented this work on two universities JNTU Kakinada and Hyderabad course modules. The
results obtained are very much convincing and algorithms and formulas implemented in code worked
very well. With this work | can confidently say that mapping the courses of any university to ASE related
courses can be done by making some slight changes in split and merge condition. The below shown

tables give you a clear data analysis on implementations.

JNTUK
Manual Passed input 59
Manual ASE Courses 36
Manual Not in ASE 28

Tesseract split and merge 50
Tesseract Detected ASE Courses 36
Tesseract Detect not ASE 9
University document excludes strings 5

Tablel: Data analysis of INTUK

For the university JNTUK total number of courses studied by student are 59 and in this course, there are
36 courses which are related to ASE study module and 23 not ASE related courses. At the initial stage of
OCR detection all these courses are given as input in tiff format. OCR is successful in detecting all these
courses and there are some other text strings that are read by OCR. Next comes the split and merge

stage to map the courses to an ASE study path made by Tesseract.
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With this split and merge formulas implementation our work in mapping courses to ASE study path is
fulfilled and other courses not related to ASE are filtered. There are other text strings from file that are
detected and mapped as to exclude case. Classification of text strings obtained from OCR is done by
SVM which says if it is related to ASE or not. And the mapping of courses to right course is done by
clustering. From the table 1 it is very clear that SVM adds some noise stings in processing and this leads

to decrease in its efficiency, whereas cluster works fine in mapping courses and its pro from noise.

The other parameter which we are very much concerned is about the detecting obtained marks from
applicant input file. There are many parameters that need to be considered in detecting obtained marks,
as the row and columns differ from university to university, we made formulas in split and merge to

obtain these values. Below table2 shows the detecting rate of obtained marks.

Detected ASE Marks 13
Fail 23
Not ASE detected 2
Not ASE fails 10

Table2 : Detection of obtained marks

In case of JNTUK we see the file we give as input is not in good clarity so OCR and Tesseact count not
work that efficiently in detecting obtained marks but we see a linear change in the results of second
university. There were detection in both ASE related courses and not ASE related courses that are

separately mentioned in table2.
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A graph is plotted by the above observation of tablel. In this graph we can have a detail markings of
courses at different phase like manual input we provide, OCR detection, Tesseract split and merge state
and classification with SVM and Cluster mappings. The last bar shows the noise that is included in the

process and we see this is filtered by clustering process but could not be filtered by SVM.

350

Comparison Cluster & SVM 310 310 310
300

N
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o

M all courses

200
i ase courses
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H not ase courses

H noise input

[any
o
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Strings(courses and noise)

M noise errors

Manual OCR Tesseract Cluster SVM

Graph1: comparison of Cluster and SVM in all phases
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With similar formula and slight change in formulas, mapping is done for second university and data

analysis and graphs plotted are shown below.

JNTUH
Manual passed input 59
Manual ASE courses 37
Manual not ASE 22
Tesseract split and merge 54
Tesseract Detected ASE Courses 37
Tesseract Detect not ASE 9
University document excludes strings 8

Table 3: Data analysis of INTUK

Below table 4 shows detection of marked obtained. Formulas and algorithm remains same for both
universities for this process, but we observed a good detection rate when compared with the first

university. The mail reason behind this would be clarity of the input tiff file we provided.

Detected ASE Marks 35
Fail 2
Not ASE detected 8
Not ASE fails 1

Table4: Detection of obtained marks
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graph shows the result from SVM and Cluster based approaches. The graph is plotted for

correctness of word strings by both approaches. We see more correctness in cluster based approach

when compared to SVM.
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Fig 5.7: Graph with SVM and cluster correctness
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Chapter

Future Scope

This thesis work is a first project that is executed on an idea to create a tool to optimize pre-
processing stage in the application process at TU Chemnitz. With this work | can say we came to
conclusion that if we extract ASE related courses from the applicant certificate, we can save much
more processing time and we can assure the subjects that are considered are most perfect and
auditing of application is very productive. After working on this project | see there is much more
scope for improving the tool and many new features can be added to it. In this chapter | want to

discuss phase vise developments that can be made.

The first phase will be OCR detection, for more accurate results from SVM and Clustering we need to
put much more effort into OCR working. There is one thesis project engaged in Deartment of
Computer Science on OCR, so if we see much better results from that thesis work we can add it to
our project such that results from SVM and Cluster can be improved further. In out thesis work |
played with the image clarity and improvements in brightness and contrast for better detection of
characters from the scanned copy of applicant certificate. It was trial and error policy | followed to fix
the pixel size and other parameters. So if we see any good results from OCR detecting normal images

or files and extract data than that would help a lot to improve working of this tool.

The second phase of improvement is from Tesseract, | wrote Java code so it is very flexible that we
can change the code as per our requirements. Improvements | can say from Tesseract are from
handling SVM and clustering parts in it. There are different algorithms that are implemented to

extract courses with a very less number of characters to many numbers so, if possible, if we make
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good improvements in it we can see better results in mapping the courses. As | was completely
concerned about the mapping of courses hope | am successful in it, but there are some other factors
like extracting the marks of each and every course that is extracted which will be a big task ahead.
There should be some major developments in Tesseract to extract numbers and map it to ASE list.
The code for each and every universities changes to some extent as the format of the exam sheet
changes from university to university. The sheet sometimes has a single box with course name and
marks awarded and for some university, we observe two sets of boxes vertically with course name
and marks obtained. With my work experience | see there are different formats in marks listing in
certificates as some university gives the minimum and maximum marks and then obtained marks.
And in some university certificate we see obtained marks directly into different grading systems. So
when we are planning to extract marks from these universities, we need to implement the different
code structure to fetch course name and obtained marks. There is a further task to calculate this

obtained marks and apply some scaling factor to make it more generalized for all the universities.

The third phase will be in the database. Now we implemented this work with three or four numbers
of universities which can be increased to many number of universities. Once the database is set up
with huge data, we can add many improvements and new features to this tool. With this thesis work
inital database design and tables for further work is completely laid out. As mentioned in chapter 4
with the figure number 4.5 SVM database setup is initiated such that after obtaining much data from
its many improvements in SVM can be performed. Much more optimisation is observed after
collaborating may web applications that we used to pre-fill the database. There is much more that
focus needs to be placed in extracting ASE related courses from many other universities which are

often with many applications. All this data need to be pre-filled in our DB.
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The fourth phase of development is from GUI. The web applications we used are for testing initial
startup of the project, so once the final tool is setup, then we need much more well designed web
applications with high end database support. There are some separate application that can be

developed for users or applicants and for auditors or administrators.

There is much more scope for new implementation in this tool, one best idea which | got after
working very closely with SVM and clustering modules is to implement SVM in classifying the
students with their bachelor studies with a particular study path like Electronics and Communication
Engineering, Computer Science Engineering, Information Technology, Machnical Engineering, etc.
come into ASE with a percentage of marks and after working hard they pass out successfully with
good grading then we can try classifying the students from a particular study path in bachelors with
the percentage of marks obtained in Masters course such that we can suggest the one who is coming
new to masters course can get an idea with what percentage of marks he can be out from masters.
This is with a condition on how good he can work hard. If this is developed with the all other master

courses we can observe very peculiar results that would be more intresting to find and analyse.
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A. Contents on CD

Here is complete code and supporting files of the code implementation.
This is the folder with one example implementation of the JNTUH
University. Input files which are provided to OCR will present in this
folder.

This folder has code that can work with LIBSVM implementation. All
other supporting files for SVM implementation on obtained data will be
in this folder.

In this folder we have contents of code related to Tesseract working.

In this file we can see the classification vales written by SVM and
Tesseract. If there is any error in written code we can cross check it
from here.

Here is complete code and supporting files of the code implementation.
This is the folder with one example implementation of the JNTUK
University. Input files which are provided to OCR will present in this
folder. All other sub folders described above will be repeated here.

Here | provide data analysis sheets which | have worked to obtained the
graphs shown in results.

Complete documentation is saved in this folder
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