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Engineering systems contain vast amounts of data in the form of engineering docu-
ments, which contain textual data about the systems they represent. In cases where
engineering documents are transformed from one format to another, this textual
data might be lost. For a system such as eShare that utilizes the textual data from
engineering drawings to create links between the model and documents, losing this
textual data causes issues.

This thesis investigates the previous implementations that are being used for ex-
tracting textual content from engineering drawings via a literature review. Each
proposed implementation is benchmarked with a test set that mimics eShare’s use-
case. This dataset contains various types of engineering documents in differing sizes
and formats. Results from the literature review are used for a case-study in which
a plan is proposed for eShare to create an OCR solution that will extract textual
content from engineering drawings that do not have it included in the metadata.
The literature review was able to conclude that the latest solution from PaddleOCR,
PP-OCRv5 is the optimal solution to be used for eShare. However, there were
limitations found with the ready-to-use pipeline, which was to be addressed. The
proposed pipeline utilizes the detection and recognition model from PP-OCRv5 but
implements custom intermediate processing to handle word-level detection, which is
required by eShare. The proposed solution was able to extend F1 accuracy with 8%
to reach an accuracy of 89% compared to PP-OCRv5’s 81%.

Keywords: Optical character recognition, artificial intelligence, engineering docu-
ments, text recognition
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1 Introduction

1.1 Motivation

Engineering drawings have been used for the primary information about structures
and parts for a long time. Modern CAD solutions provide files that contain infor-
mation of the models as metadata. However, in some cases, such as when older
hand-drawn engineering drawings are scanned or when files have been converted
from one format to another, some information might be lost. In such cases the files
do not inhabit all necessary metadata information about the contents of the drawing.
eShare is a digital twin platform that has a 3D model of an existing structure and
the engineering drawings that are based on the 3D model. In cases where the en-
gineering drawings are made with modern CAD software, eShare can link the part
identification from the engineering drawings to the 3D model. A problem occurs
when the files do not inhabit metadata and eShare cannot link information from the
files to the 3D model. In such cases, the user must manually extract and link the
information, which is tedious and time consuming. The linking could be achieved
by extracting the part numbers from the documents automatically. In addition to
being able to link parts between the model and documents, eShare can not provide
a search for documents without metadata, which makes all the textual information
from the documents valuable.

This problem of not being able to extract information from files in cases where it
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is not included in the metadata is why this subject was chosen for this thesis. The
data that would be available from the automatic detection of text could in turn be
used for the linking and improving the reliability of the system. The gathered data
and information about possible solutions that could be utilized can be implemented

in future applications, which is why this research is important in a wider scope.

1.2 Research questions

The following research questions were selected:

RQ1: What are the current solutions for detecting part numbers from engineering

drawings and how do they compare?

RQ2: What is the best implementation for eShare and how can this be implemented?

The first research question will be answered through a literature review in which
previous papers are examined, and potential solutions are presented. These solutions
are then benchmarked with a dataset that tests their applicability to eShare’s use-
case. The second question will be answered through a case-study in which a solution
is presented that will fit eShare’s unique requirements and it will be benchmarked

against the results achieved from the first research question.

1.3 Structure

The structure of this thesis consists of seven chapters. This chapter being the first,
where the reader is introduced to the topic, problems that are being solved, and
structure of the thesis. The second chapter provides the background information
so that the reader can understand all the necessary concepts and theory that will

be discussed in the rest of the thesis. It starts with information about engineering
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drawings, what they are, what information they contain, and what information
is being extracted from them. After engineering drawings, computer vision and
optical character recognition is explained. There, theory and technologies that are
being used for detecting textual information from images are explained. In addition
to the second chapter, also the third chapter provides background information for
the reader. In the third chapter eShare is introduced by explaining the premise,
functionality, and problems that are being solved with this thesis. The current
solution for the problem is also presented and the issues, that the solution has, are
discussed.

The fourth chapter begins the answer for the RQ1. It explains the methodologies
utilized for the literature review and presents the findings of that literature review.
It contains four papers, each of which proposes a solution that is like the one that
is being discussed in this thesis. In the fourth chapter the first part of the RQ1 is
answered. The fifth chapter will answer the second part of the RQ1. In the fifth
chapter the previously proposed solutions, and other solutions that were proposed,
are tested against each other. It begins by explaining the test scenario and then
by presenting and analysing the results that the tests provided. This chapter also
answers the RQ2 by processing the results from previous solutions and providing a
solution that would best fit eShare’s use-case. The proposed solution is then tested
against the previous solutions, and the results are presented and discussed.

Finally, the sixth Chapter will be discussing about the thesis as a whole and
provide successes and failures that were encountered during the thesis. The Chapter
will also propose future research topics for this area of research. The seventh Chapter

will conclude the paper with a summarization to the whole thesis.



2 Background

2.1 Engineering drawings

An engineering drawing is a representation of an object that conveys information
about it. An example of an engineering drawing is visible in Figure 2.1. The im-
age contains an engineering drawing that represents an air duct. It is represented
from different views. The center view is an overall 3D view that represents the
whole model. Around this overview there are 2D representations from top, side,
front, and as a cut. Each 2D model has measurements and other values about the
object. Engineering drawings are widely used across different engineering domains
such as oil and gas, mechanical, and electrical. This wide range of fields results in
different kinds of engineering drawings. Examples of engineering drawings include
mechanical drawings, which convey information of mechanical parts and process
and instrumentation diagrams (P&IDs), that display information of process equip-
ment in conjunction with other devices. [1| Previously, engineering drawings were
drawn by hand on paper, but modern solutions use computer aided design (CAD),
which automatically translates the created objects into engineering drawings. In
these cases, the CAD software translates the objects into vector images that in-
clude metadata about the actual model. [2] To bring legacy documents up to date
they need to be digitalized and the information from the images must be extracted

by other methods. This process of extracting information from legacy engineering
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Figure 2.1: Example of an engineering drawing that represents an air duct

drawings is the core goal of this thesis.

Engineering drawings feature a wide variety of symbols that indicate different
features. However, in this thesis the focus is on textual information that can be
found from the engineering drawings, which means that symbols will be glossed
over. Nowadays there are universal design guidelines and rules for the design of
engineering drawings. These guidelines cover the type of symbols used for each
feature, the layout of engineering drawings that is to be expected, and more. An
example of these guidelines is ISO 128 that defines the general rules for engineering

drawings [3].

2.1.1 Part numbers

There exists a lot of information in engineering drawings and the most typical infor-
mation that you will find contains the title block and the model itself. The title block

is not mandatory but is often found from the bottom right corner of the drawing.
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It contains information about the object in textual form. Data that is considered
mandatory for the title block include the drawing number, title, organization name,
scale, specifications, and the author, but the title block can additionally include
other information. An example of a title block is visible in Figure 2.2. In addition
to the title block engineering drawings can include other tables such as the change
or revision table, bill of materials, and notes. The change or revision table indicates
changes made to the model, bill of material contains data about the materials used
in the object, and note table is a place for notes to be made about the drawing. [4]

The model itself conveys all the information about the object that is being de-
tailed. The model is displayed through a combination of lines from a specified view.
The view can be from different perspectives such as top down, side view, and other
2D or 3D perspective. The parts themselves include information about parts dimen-
sions, tolerances, and other quality information. [5] Singular drawings of a model
can include multiple parts, which are indicated by part numbers that are displayed
with textual information in the model. This is the key area of the engineering doc-
ument that this thesis is trying to extract from the drawing to index it to other
drawings and the part in the 3D model. An example of a multi-part drawing where
the part numbers are made larger so that they are visible is in Figure 2.3. In ad-
dition to part numbers, all textual information is valuable to enable searching from

the document, which makes all tables and other sources of information valuable.

2.1.2 Legacy documents

Legacy documents refer to older engineering drawings that were made prior to CAD
software or with CAD, but do not have digital versions. As CAD software includes
metadata to the exported engineering drawing files there is no need to extract the
part numbers. In the case of legacy documents, the engineering drawings are drawn

on paper and then scanned to digital formats. In these cases, the documents do not



2.1 ENGINEERING DRAWINGS

Project Contract no,
A A ER AT
Designed by DES Title
16.04.18 Equipment & Piping Layout
Drawn by DRLA, -
16.04.18 Unit 200
Checked by CHE
Drawing no. Sheet Rewvision
Approved by APR lofl
28.04.18 GA-200-001 Scale z

Figure 2.2: Example of a title block from an engineering drawing
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Figure 2.3: Example of a multi-part engineering drawing
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have any metadata about the textual information that it might include. Sometimes
older engineering drawings are scanned with proper scanners and sometimes they
refer to just images taken with a camera. Legacy engineering drawings rarely include
international guidelines that they follow and as such they vary more than modern
engineering drawings, which results in the possibility of part numbers being present
in unexpected areas. In addition to legacy documents, sometimes drawings can be
made with CAD software and then exported to different formats where it might
have lost information from the metadata in which case the required part numbers
have to be extracted by other means.

Digitalized engineering documents might vary with the contents, but also with
the scanning methodologies used. Scanning is not an easy process and often results
in sub-par result. The scanning might be warped, skewed, or otherwise in bad
shape. Older scanning quality was also noticeably worse than modern solutions.
These are all factors that hinder the performance of text recognition from legacy
engineering drawings, and they need to be considered when implementing a solution.
An example of a legacy engineering drawing is visible in Figure 2.4. When compared
to the modern engineering drawing in Figure 2.1 it can be seen that the legacy
drawing does not have a clear structure as the side and bottom contain full width
tables, there are tables without lines in the drawing area, and there are no clear
sections for the models. The drawing is also skewed to the left and has varying
colors, instead of uniform colors of modern drawings, which indicate that it is a low-
quality scanning. Modern engineering drawings try to also avoid textual content in
non-horizontal or non-vertical angles, but this legacy drawing has text orientated in

multiple orientations.
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2.2 Computer vision

Computer vision is a branch of Artificial Intelligence (AI) that focuses on teaching
computers to understand information from visual inputs, such as images, videos,
and documents. Computer vision utilizes machine learning and neural networks to
understand and act on information that has been derived from the visual input.
Computer vision tasks vary heavily and have use-cases from recognizing pedestrians
in autonomous vehicles to detecting significant shots in golf tournaments [6]. Figure
2.5 shows the result of a computer vision model that has been tasked with detecting
all the pedestrians from the input, a form of object detection. It marks the found
elements with coordinates that are visualized in the figure as green rectangles. A
use-case for this type of detection could be to detect pedestrians in an autonomous
vehicle so that they can be taken into consideration when the model makes decisions.
This thesis focuses on the tasks of object detection and text extraction in which the
goal is to detect the location and content of textual data. [6], |[7] Most computer
vision tasks are laboursome, prone to errors, or even impossible to do by hand.
Models often take in large amounts of data and are more effective and faster at
handling them than humans. [7]

Computer vision requires several different technologies to work. From these the
most prominent one is convolutional neural networks (CNNs) [9]. CNNs are built
from convolutional, pooling, and fully connected layers. In the convolutional layer
a filter with a predetermined size shifts through the images pixels and calculates a
sum for each iteration with the help of an activation function and weights that are
included in the filter, which is called the weighted sum. After the convolutional layer
the sums are inputted into the pooling layer which aggregates the values provided.
There might be multiple instances of these pairs of convolution and pooling layers
after each other. Finally, the fully connected layer performs the classification of the

values created from the final convolutional and pooling layer. [10], [9] A traditional
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Figure 2.5: Result from a pedestrian detection |§|

CNN is visible in Figure 2.6. In this neural network example, the network includes
a flatten layer, which modifies the input of the pooling so that it can be inputted
into the fully connected layer.

CNNs are typically used for object detection from images but are not as well
suited for natural language processing (NLP) tasks, such as text recognition [9].
Recurrent neural networks (RNNs) are another type of neural network, which is
better suited for NLP tasks. CNNs function by going through the neural network
once, but RNNs bypass this limitation by creating a type of memory in the neu-
ral network, which remember previous states. With this memory RNNs are able
remember previous information and take that into account when predicting values.
Another distinct feature of RNNs is that instead of adding weights to each node,
as in CNNs, they share the weights across layers. RNNs has limitations with long
inputs where they encounter vanishing and exploding gradients, where the long-term
dependencies are hard to remember. [11] RNNs and CNNs can be used in combina-
tion as in the CRNN model, which feeds the outputs from convolutional layers into

recurrent neural networks. [12]
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Figure 2.6: Convolutional Neural Network [15]

The latest advancement from RNNs are the transformer models [13]. Trans-
formers are more complex than CNNs or RNNs and they rely on the self-attention
mechanism with which the neural network can detect relations between the input.
Self-attention works by converting input data into vector embeddings that represent
the meaning of the input. The model can then calculate the similarities, correlation,
and other dependencies between vectors. With these values the model can emphasize
or de-emphasize the importance of input elements at different times. The attention
mechanism enables the model to remember long and short dependencies and par-
allel processing, because they process whole elements concurrently. Compared to
the sequential processing of CNNs and RNNs it improves processing speeds and
longer inputs are easier to process. This makes transformers superior to previous
implementations and they are used prominently in NLP tasks. [14], [13]

Most neural networks are pretrained, meaning that the weights that they inhabit
have been trained on large general datasets. Pretrained neural networks are great
for general use tasks or instances in which training data is not available. Pretrained
neural networks can also be finetuned. In finetuning a smaller dataset is used for

modifying a pretrained model for a specific task. Training models require vast
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amounts of data, which makes finetuning a great option as it requires far less data.
[16] Large language models (LLMs) is a term used for large pretrained models that
utilize the transformers model [17] .

Compared to traditional neural networks computer vision problems, especially
text detection and recognition, encounter a unique problem of data being unseg-
mented, meaning there is no direct alignment with the data and results. To solve
problems such as these, training processes often implement different algorithms to
enhance the training. Connectionist Temporal Classification (CTC) is a common
algorithm used in the training of RNN models to solve the problem of unsegmented
data. CTC allows the model to align the data and results during the training.
[18] Engineering drawings are also lacking in the availability of datasets that could
be utilized for training. This makes fine-tuning of models for specially engineering

drawing detection hard [19].

2.3 Optical character recognition

Optical character recognition (OCR) is the process of converting textual data from
images into machine-readable formats. OCR is prominently used in computer vision
but has usages across the field of computer science. Use cases for OCR span from
detecting license plates from images of vehicles to machine translation [20]. The
OCR process is divided into two sections of text detection and text extraction,
where text detection is tasked with locating the textual data and text extraction
will transform the text into concrete textual content. Besides these two sections
OCR often includes pre- and post-processing in which the input and output data is
modified to enhance the results. Traditional OCR models expect the textual data to
be easy to find and see. In complex situations, as in engineering drawings, traditional
methods struggle to work efficiently. The latest text recognition models are based

on neural networks, which are better suited than the previous traditional models.
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[20], [21] Figure 2.7 details the OCR pipeline with possible technologies used in each
step. The following sections will provide details on each possible technology.

In addition to complex scenes, the engineering drawings in this case inhabit also
other variables that might hinder the OCR process. The main issues are that the
textual information in the documents might vary heavily. As stated in Section 2.1
the data might be in varying fonts, written by hand, or have errors caused by the
scanning. The textual data itself is also problematic as the codes do not resemble
natural language. Codes can be a random sum of letters and characters and thus
the output of the OCR model cannot be predicted by natural language rules. All

these variables hinder the performance of the OCR.

2.3.1 Text detection

Text detection is the process in which textual data is located from an image. During
this step the text is located and extracted into its own image, which contains only the
detected text. This smaller image can then be used further in other processes. The
results from a text detection model are visible in Figure 2.8, where the detected areas
are marked visible with green colouring. This detection result can be considered
nearly optimal as it has detected only textual content and the whole words. However,
this is not always the case as the model might confuse non textual content as text,
combine multiple words into the same word, and as is the case in this nearly optimal
detection it did miss some textual content from the image. In cases such as these the
results can be optimized in post-processing. Text detection technologies are often
categorized into classical machine learning-based and deep learning-based. Classical
methods are being pushed out by the deep learning-based methods as they are faster
and more flexible. Deep learning-based methods can be split further into regression-
based and segmentation-based models. The difference between these technologies is

that regression-based models handle detection directly from text and segmentation-
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Figure 2.7: The whole OCR pipeline with possible techonologies

based models try to detect text at the pixel level. [22] Two popular models used in
text detection for engineering documents are EAST and CRAFT, where EAST is
regression-based, and CRAFT is segmentation-based.

Efficient and Accurate Scene Text Detector (EAST) is a model proposed by Zhou
et al [23]. The EAST model utilizes a fully convolutional network (FCN) and a Non-
Maximum Suppression (NMS). The FCN produces word and text-line predictions,
which are then inputted into the NMS to produce results. This concise and simple
pipeline results in fast and efficient text detection. However, EAST has limitations
in detecting long and vertical texts.

Character Region Awareness For Text Detection (CRAFT) is another model that
was proposed by Baek et al [24]. Similar to EAST, CRAFT also utilizes an FCN, but
compared to EAST which provided word and text-line predictions, CRAFT produces
character region and affinity scores. With the region score individual characters are
localized and with affinity score these characters are grouped together. CRAFT can
detect curved and horizontal text as the detection is not limited by boxes. However,
CRAFT struggles with characters that are close to each other. [20]

Differentiable Binarization (DB) [25] is another segmentation model that is being
used. DB is a segmentation-based detection model such as CRAFT and has proven
great results and is especially light-weight, which is beneficial for the use-case in this
thesis. Compared to CRAFT it does not use complex affinity scores to calculate

groups but instead uses the segmentation network for simpler grouping. It has lim-
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Figure 2.8: Results from text detection visualized

itations in detecting textual information in text-in-text cases, where text is located

inside other instances. [25]

2.3.2 Text extraction

Text extraction, also called text recognition, is the second part of the OCR pipeline.
After text detection, the extracted images are inputted into text extraction models,
which in turn will extract the textual data from those images. Once again classic
text extraction technologies have been pushed out by superior deep learning-based
solutions, which this thesis will also focus on. Text extraction models can be split
based on the algorithm used, from which this thesis will mainly focus on CTC and
transformer-based models. [20]

Text extraction models that utilize Connectionist Temporal Classification (CTC)

[26], which is a scoring function, have been in use for years, but they are still
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prominently used in different OCR solutions. A popular model that utilizes CTC
is Convolutional Recurrent Neural Network (CRNN). CRNN was proposed by Shi
et al. [12] and combines a CNN, RNN, and CTC to solve text extraction. The
model includes Long-Short Term Memory (LSTM) [27] as the RNN, which solves
range of context issues of the traditional RNN. LSTM includes memory cells into
RNN that enables longer context and makes long-range dependencies possible. This
model proposed by Shi et al. is being used as a base in popular OCR solutions such
as Keras-OCR [28], EasyOCR [29] and PaddleOCR [30]. Another popular solution
is Tesseract [31], which utilizes CTC with only LSTM |[32].

Transformers have been developing rapidly and proving great results in text
recognition tasks. They excel at long-dependency modelling in which CNNs and
RNNs have limitations. [20] TrOCR [33] is a popular OCR model that utilizes
transformers instead of relying on a CNN backbone. TrOCR contains an image
transformer for visual features and a text transformer for language modelling. It
utilizes the encoder-decoder structure where the encoder is an image transformer,
and the decoder is the text transformer. The Encoder obtains representations, and
the decoder generates the words. [33] There are also models that use a combination
of CNNs and transformers such as the SVTR-HGNet [34], which is an implemen-
tation that utilizes CNNs as a backbone and a visual transformer for self-attention

[34].

2.3.3 Pre- and post-processing

The OCR process contains text detection and text extraction, but the performance
of OCR models can be enhanced with pre-processing and post-processing. OCR
performance is highly dependent on the quality of data that is inputted to the
models. Pre-processing refers to the modifications that are made to the data before

it is inserted into the OCR and has the goal of enhancing the quality of the data to
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maximize results from the OCR. Post-processing refers to all the modifications done
after the OCR model. This means that pre-processing handles the initial documents,
and post-processing is conducted with the textual data that the OCR produced.
Post-processing is an important step as even with pristine data the OCR might
make small mistakes that can be fixed. In addition to pre- and post-processing,
there can also be intermediate processing in which there is processing between the
results from the detection and before the recognition. This can be utilized to enhance
the results from the detection for recognition.

Engineering drawings that have been scanned might suffer from several irreg-
ularities. The scanning might have not been perfect and resulted in images that
are skewed, blurred, or include noise. These are especially apparent on older scans
of engineering documents as the technology for scanning was not as sophisticated
as it is nowadays. [35] These imperfections in the documents will affect the OCR
negatively. Several different technologies have been proposed for pre-processing the
images, which include skew detection and correction, noise filtering, binarization,
and morphological filters. [36]

In skew detection and correction, the scanned image is not horizontally aligned,
which would make the detection for the OCR more difficult. Skew correction will
align the image horizontally to maximize the effectiveness of the OCR. Noise filter-
ing or noise removal is the process of removing unwanted noise from the scanned
documents. Noise filtering is done through different algorithms to achieve the de-
sired result. Gaussian filter is a typical algorithm used for filtering noise, where
the gaussian distribution is used to remove noise from the documents [37]. Another
type of noise removal is smoothing in which values for image pixels are calculated
by the sum of the surrounding pixels. Binarization refers to the process of turning
a scanned document into black and white. Instead of using grayscale values from

0 to 256 only values 0 or 1 will be used. This removes additional noise from the
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images. The calculation for the values are done via thresholding where a value is
selected from which pixels above are 1 and below are 0. Morphological filters are
filters that transform the textual data in the document. Examples of morphological
filters are dilating and thinning. In dilating lines in the image are expanded to be
larger, which can help with detecting thin lines, and in thinning the lines are made
thinner. [3§]

Engineering drawings might also encounter a unique issue of sizing as the size of
them is often larger than normal images or what OCR models can handle. This is
why gridding, also known as patching, is used. In gridding the image is split into
smaller parts and these smaller images are then inputted to the OCR. This process
has problems with cutting off part numbers and the OCR detecting them incorrectly.
This can partly be fixed by overlapping the images so that the part numbers are not
cut off, but this might cause duplicate detections. [39]

An example pre-process is visible in Figure 2.9. This example utilizes the pre-
vious explained four processess of translation, binarization, thinning, and noise re-
moval. The first step removes color and translates the image to greyscale, so that
the future steps function better. After translation, there still exist shades of grey,
which are filtered out with binarization this is visible the second and third step.
Next is the thinning, which makes the textual content uniform. The final step is
noise removal, which filters out all the obviously unnecessary information from the
image. To the human eye the first input image might be clear, but to a machine
all the unnecessary information will confuse it. The final result contains only the
required information so that the OCR can function properly.

Pre-processing improves the accuracy of OCR models, but they are not optimal.
Post-processing methods attempt to improve the results from OCR models after
the prediction has been made. There is a vast amount of different post-processing

methods, from which typical are merging, lexical approaches, and large language
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Figure 2.9: An example of pre-processing. (a) input image; (b) translation to
grayscale; (c) binarization; (d) thinning; (e) noise removal [41]

models. Merging is the process of removing repetitions from the results. Results
might include duplicate results from detection caused by segmentation, multiple
models or other causes. Merging can be done based on the textual results, by
location of the detection, or by both. In locational merging the detections are
merged if they are nearby each other. Merging is done on a selected threshold,
which marks the point in which close-by detections should be merged. [40]

Lexical approaches utilize lexicons and distance vectors to correct mistakes made
by OCR models. In these approaches the detected results are compared against
a known dictionary with different comparing functions. A traditional comparision
function is the Damerau-Levenshtein edit distance, which will compare the minimum
number of characters edit operations for an exact match [42]. OCR models also make
a lot of invalid detection in which the detected text is obviously invalid or non-

existent. These can be filtered without a known dictionary by, for example, filtering
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out results that are empty or contain only single characters. This is an important
lexical approach to avoid bloated results. [40] LLMs are used for detecting errors
and to suggest corrections for mistakes in scanned documents. Especially fine-tuned
models have proven to be useful for correcting errors with detections. [43] However,
LLMs are heavy and require a lot of additional processing if implemented to the

pipeline.



3 Case: eShare

3.1 Background

Cadmatic is a software company that provides CAD and engineering and informa-
tion management applications. Solutions by Cadmatic are being used in a wide
range of engineering tasks and the main users come from marine, process and indus-
try, and construction. eShare is an information management solution developed by
Cadmatic. eShare is a digital twin software that is utilized to manage and present
information from design projects with main areas of use being in shipyards, small-
to large-scale design companies, and oil, gas or chemical plants. The userbase of
eShare consists of engineers, but also of management personnel.

eShare is an information management solution, which means that it is not used
for the design of 3D models, but as a complementary solution for them. It handles
all the information that is connected to the design projects. Design projects include
valuable information dispersed on different formats and platforms. Information is
located on the model itself, but also on documents connected to the model, and even
on database systems. Documents that are based on the model contain engineering
drawings, which are the main focus for this thesis, but also other documents such as
manuals, bill of materials (BOMs), and reports. Each of these contain information
that can be linked to and from the model. Even on small scale systems the amount

of data can become cumbersome to control and navigate through. eShare is a so-
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lution that solves this issue by reading information from all these external sources
and providing a central platform for controlling all the data for the project. This
information is then shown on eShare as a centralized platform where the users can
easily interact with the model and other information.

A key part for this thesis is the document-model linkage in eShare. Design
projects often contain parts and systems that have engineering documents which are
based to them. These documents are often independent from the actual 3D model
and in some cases even by completely independent actors from the base model. When
combining large amounts of documents from various sources and a 3D model that
is connected to them, the linkage of these documents to the model can be tedious
and difficult to achieve if done by hand. eShare solves this issue by automatically
creating bidirectional links between the documents and the relevant parts in the
3D model. When configured correctly, users can traverse between documents and
models easily by links that are embedded into the software. For this automatic
document-model linkage to work, eShare requires documents that have metadata
information of the document attached to them. This metadata information must
contain the textual content and location of the text for the functionality to work as
intended. In Figure 3.1 is an example of a model-document link, where on the left
is a snippet of an engineering drawing that contains links marked with blue. When
clicking the circled link, the user will be redirected to the right view in which the
model of the engineering drawings is in the 3D model. Vice versa on the bottom
right is the documents in which the model is. When clicking those the user will be

directed to the engineering document.

3.2 Current solution and limitations

The current solution for document to model linkage in eShare is based on the meta-

data of files being used. Commonly PDF files contain the textual content in the
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Figure 3.1: A document link between an engineering drawing and the model

metadata of the file, which can be used for different methods, such as searching the
document. This metadata commonly contains the text strings and the locations of
those strings. The text content is often stored on word-level, meaning that each
word is its own entity which are then grouped together when extracting the textual
content from the PDF. This makes the accuracy of the metadata dependent on the
library utilized for extracting the textual content. eShare contains a custom solu-
tion, which will group nearby strings together and performs the best when text from
PDFs is extracted on the word-level. In addition to document-model linking, where
the data required by the linking is just achieved by querying the metadata of the
file itself, this data is utilized for searching the document.

Currently the workflow of injecting documents is as follows. The user first en-
ables document-model linkage by configuring it in eShare’s settings. Here the user
also schedules if the linkage is executed automatically during a specific time. For
example, the user can enable link injection to be executed every Sunday at 12pm,
which means that once a week the links in all documents are updated. However, in
addition to this, link injection is also executed when documents are opened. When
users view a document, it will execute the same process that it would in the sched-
uled update, which will result in only up-to-date information being visible for users.
When the documents are linked, the found links are saved to a database, from which

they are queried to show links between the model and documents. Only the found
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links are saved to the database, and the textual content is not stored anywhere.

The document-model linkage itself varies between user configuration as the user
can configure what the document-model linkage considers as a link and what not. A
typical configuration, that the user has set up, is that it will match against known
identification values from model objects, smart points, that the user has set to mark
points of interest in the model, and regular expressions. In a case such as that, the
system will first query the document into metadata information, that will contain
all the text lines from the document. These text lines are then compared against
the set options and in case of a match, a link from the document is made to the
matched object. Here the custom grouping is utilized to match found word-level
text strings effectively against multi- and single-word identifications. The created
link will then direct the user to the found object on click.

As has been stated in this thesis, the main limitation of this solution is that it
can only utilize textual content that is referred in the metadata for the files. In cases
where the metadata is non-existent, such as the scenario with older documents, the
document-model linkage nor the in-document search will not work at all. Another
limitation of the current solution is that the software that reads metadata from the
PDF is not perfect. It can accurately get correct textual content but might make
mistakes in combining or separating text strings from each other. An example of a
common mistake that the OCR makes is visible in Figure 3.2. There the grouping
algorithm cannot group the quotation marks and dashes to the word and causes an
incorrect word to be created.

In addition to this, the current implementation brings challenges in the imple-
mentation of an OCR. The first issue is that the document is injected upon open,
which means that if an OCR was implemented into the existing system, it would
need to be quick to not cause extended wait times. Another issue is that only found

links are saved to the database. This becomes problematic as to get information from
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Figure 3.2: Example issue of incorrect detection

the metadata or OCR the pipelines must be ran fully. This once again causes com-
putational overhead and if this implementation is to be kept, requires a lightweight
OCR that does not cause processing overhead for running often. Finally, eShare is
an on-premises solution for companies, which means that it relies on their systems
and in cases might be low on storage, computational power, or both. This requires
the OCR to be simple and small. From this the following list of prioritisations can

be found:
1. Required computational resources
2. Accuracy
3. Speed

It will be important for the OCR to find a balance between these three variables to

provide the best usability and fit for the system.



4 Previous implementations

The following chapter contains information about the research done for this thesis
and the results that the research provided. It begings with Section that describes
the objectives of the literature review. After the objectives, the methodology itself
is explained and the metrics on which the previous implementations were selected.
The Chapter concludes by introducing each paper and the solution that they utilized

for their implementations.

4.1 Research objectives

There have been multiple different approaches for detecting information from en-
gineering drawings. In this section, four different approaches that have been con-
ceptualized for detecting part numbers and textual information from engineering
drawings are presented. It answers the first part of the RQ1 by introducing so-
lutions that have been proposed by previous authors. The main interest of this
literature review is to get information and metrics on the detection and recognition
models that have been used in similar use-cases to eShare. In addition to this, pre-
and post-processing steps that have been utilized are of interest. The previous solu-
tions are introduced in this chapter and in Chapter 5 the solutions are evaluated on
a dataset that contains engineering documents that are typically found in eShare.
The solutions are evaluated on different metrics, which will give the result to the

second part of the RQ1. With this information, the optimal solution for eShare can
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be constructed.

4.2 Research methodology

This part of the thesis was done as a literature review. To gather data for the re-
search, popular article databases were utilized. These databases are ACM, IEEE,
Springer Link, and Google Scholar. As Google Scholar is a search engine for mul-
tiple sources, the search results might contain duplicates and articles from other
publishers. The following search query was constructed to perform the search on

the databases.

("number" OR "ID" OR "identification" OR "label") AND ("OCR" OR
"optical character recognition") AND ("engineering drawing" OR, "engi-

neering document" OR "technical drawing" OR "technical document")

The search query prioritized especially articles that focused on detecting part
numbers from the engineering drawings as it is the primary goal of this thesis. This
was done because a lot of research has been done to OCR in engineering drawing
but focusing on for example only text referencing the measurements or tables. This
query proved to be efficient to filter out these results but contains results that focus
on OCR of the whole document. In addition to this search query, the search was
limited to only articles in English and articles published after 2021. Such strict
timescale was selected because the technology behind OCR is developing rapidly,
and information becomes obsolete quickly. The initial search query resulted in 467
articles. These articles were taken for the second iteration, where articles that are
obviously not valid for this thesis are filtered. This conclusion was made by reading
the title and abstract of the articles. The articles were filtered out if they did not

meet the following requirements

e Goal is detecting textual content.
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e Focus is on engineering drawings.

e Contains the whole pipeline with detection, recognition, pre- and post-processing

technologies realized.

e Utilizes publicly available models, technologies, and data.

With this filtering the results were filtered down to 34 articles, which are all
visible in Appendix A.1. Finally, to filter out the remaining articles, the articles
were read completely. The articles that were chosen deemed to be the most closely
associated with the thesis, contained the most modern and promising solutions, and
were peer-reviewed or otherwise deemed trustworthy. After concluding the literature
review the Table 4.1 was concluded and contains the four selected pipelines from
the previous implementations and answers the first part of RQ1. Chapter 5 utilizes
these pipelines to answer the second part of the RQ1 and concludes on which of the

solutions is best for eShare.

4.3 P1: Text code recognition and positioning sys-
tem for engineering drawings of nuclear power
equipment

A paper by Ren et al [44] is based on the detection of part identification from
nuclear power equipment engineering drawings. The process in this paper is split
into two where the first part handles DWG files and the second part PDF files
with OCR. Only the second part is of interest for this thesis. The process utilizes
the EAST model for text detection and CRNN for text extraction, specially the
PaddleOCR library is utilized. In this paper pre- and post-processing is used to boost

the performance of the OCR model. For pre-processing before the text detection
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gridding is done to split the documents into smaller images. No more pre-processing
is done for text detection, but for text extraction noise filtering is used. The image is
also embedded into a blank background to detect text on edges. As post-processing
they utilized lexical processes. They utilized precise and fuzzy regular expressions in
which precise requires the exact match and fuzzy matching is more flexible. They did
not provide results for the whole pipeline, but the detection reached 90% accuracy
and the extraction varied more heavily from 60 to 90% when compared to ground

truths.

4.4 P2: Text detection and post-OCR correction in
engineering documents

Francois et al. [45] provide the next pipeline in their paper. Their paper focuses on
detection of all textual data that also includes part numbers. For the text detection
they utilized EAST but compared to other implementations they fine-tuned it with
engineering documents and removed the NMS layer to prevent it from cutting long
strings. For text recognition they used the popular Tesseract OCR that was con-
figured to extract single-line values. For pre-processing they utilized binarization
using Otzu thresholding and creating duplicate 90-degree orientated versions of the
original documents to detect vertical text. In addition to these they also utilized
gridding with a 4x4 grid. For post-processing they applied merging to the results of
the EAST model by combining close pairs and splitting in case of multiple values
close by. This resulted in false positives, which were handled by filtering empty char-
acters. Post-processing from the OCR was done with a unique affinity propagation
clustering, where the tags are merged by clustering them with edit distances. They

were able to reach 82% ground truth detection rate.
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4.5 P3: Eeveragmg transformer-based OCR model

with generative data augmentation for engineer-
ing document recognition

Khallouli et al. [46] valuate different OCR solutions for extracting text from legacy
engineering drawings. Instead of using the EAST for text detection they decided
to utilize CRAFT. For text extraction they utilized CRNN and transformer-based
solutions. They included pretrained and fine-tuned models that were fine-tuned
on their augmented data that they created themselves. They utilized Tesseract,
CRNN-based Keras-OCR and EasyOCR, and transformer-based TrOCR. They used
fine-tuning as their dataset included varying fonts, which proved hard to detect for
pre-trained models. For pre-processing they implemented traditional technologies
which included binarization, noise filtering, and scaling in which the documents are
unified in size. Interestingly, the paper did not utilize any post-processing in their
approach. They concluded that fine-tuning improved the performance of the OCR
significally and the fine-tuned transformer model reaching the highest results at
3.94% error rate on words against the ground truth. The base transformer model

reached 12.47%.

4.6 P4: Artificial intelligence-based solution for the
automatic extraction of pipeline metadata from
piping and instrumentation diagrams (P&IDs)

A new paper that has not yet been peer-reviewed from Shteriyanov et al. [47]
provided a pipeline that produced impressive results against EAST and CRAFT-

based pipelines in detecting piping information from P&ID. For text detection they
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Table 4.1: Grouping of previous implementations for part identification from engi-
neering drawings

Author Text detection | Text extraction | Pre-processing | Post-processing

Ren et al. EAST CRNN Gridding Lexical

[44] (PaddleOCR) | Noise filtering
Padding

Francois EAST Tesseract Gridding Merging

et al. [45] Orientation (Clustering)
duplicates

Khallouli CRAFT Transformers Binarization None

et al. [46] (TrOCR) Noise filtering

Shteriyanov | PSENet SVTR-LCNet Gridding Merging

et al. [47] (PaddleOCR) Lexical

proposed a Progressive Scale Expansion Network (PSENet).

The PSENet is a

segmentation-based model such as CRAFT and DB, but is exceptional in detect-
ing closely grouped text and oriented text [48]|. For text recognition they utilized
SVTR-LCNet in PP-OCRv4. For preprocessing they utilized gridding with overlap
that is then merged in the post-processing. They also included post-processing cor-
rection into the OCR in which typical errors and domain specific correction rules

were applied. Their solution proved a 95.14% recall. [47]



5 Evaluation and optimization

5.1 Evaluation scenario

Compared to previous implementations there is a flurry of differences as the goal is
to determine if the solution is suitable for a business implementation such as eShare.
This thesis will utilize different evaluations, datasets, and overall methodology to
determine the best pipeline. The main goal of this test is to find the best solution
for eShare’s use-case and to evaluate on the possibility of real-time detection for
large engineering drawings. The main differences from eShare to previous solutions
is that eShare requires a solution that works with computationally limited power, a
varied dataset that contains data from multiple fields of engineering, and a solution
that will recognize on the word-level, not sentence-level. Meaning that detections
are individual words and not sentences.

eShare is often deployed on a platform that does not have a lot of computational
power and often does not have GPUs available that could be utilized for OCR.
This forces the thesis to investigate solutions that will only utilize CPUs and are
computationally less heavy than the state-of-the-art solution. In addition to this,
previous implementations are focused on a singular field of engineering in which the
dataset is dominated by that field. In eShare the documents can be from a variety
of fields and sources, which needs to be considered in the testing. Documents from

differing sources causes the documents to be in different forms in terms of layout,
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structure, and utilized symbols. In addition to this the font used varies heavily
between sources. Previous solutions also attempted to detect text on a sentence-
level, meaning that detections could have spaces in them. In the case of eShare,
only word-level detections are needed as there already exists a solution to merge
word-level detection to part numbers. Finally, previous solutions focused only on
accuracy in the results and trying to provide the state-of-the art model. However, in
eShare the duration and F1 accuracy, which will be explained in Section 5.1.4, are

important. Thus, the evaluation will be different and focus on different parameters.

5.1.1 Models

The systems that will be utilized in testing are visible in Table 5.1. The systems
S1-S3 are from previous implentations, but the CRAFT has been changed to EAST
with TrOCR. This is done because CRAFT is known to be computationally heavy
and is known already beforehand that it would not suit the use-case for eShare.
EAST on the other hand is lighter and has more potential in achieving the required
speed and accuracy. Ren et al. [44] and Shteriyanov et al. [47] stated in their
papers that they also utilized PaddleOCR. Ren et al. utilized it for EAST and
CRRN and Shteriyanov et al. for the PP-OCRv4. Since the publication of these
papers PaddleOCR has released a new pipeline, PP-OCRv5, which will be used
instead as it proves to beat the previous pipelines on accuracy, especially on the
smaller models [49]. PaddleOCR was chosen as the main provider as it was utilized
in the previous implementations, has been proven to give great results, and provides
a wide variety of models that are different in size and pre-processing options. [50],
[51], [52] For this paper to adequately find the best model a combination between
the previous implementations are also provided. These systems contain the DB &
Tesseract, PP-HGNetV2 & Tesseract, and DB & SVTR-HGNet combinations. DB
& SVTR-HGNet is implemented via the older PP-OCR pipeline that utilized the DB
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Table 5.1: Models used for experiments

System number | Text detection | Text extraction | pipeline
Read model

S1 EAST Tesseract Own

S2 EAST TrOCR Own

S3 DB TrOCR Own

S4 DB Tesseract Own

SH DB SVTR-HGNet | PP-OCRv5H

(with older PP-OCR)

S6 PP-HGNetV2 | SVTR-HGNet | PP-OCRv5

ST PP-HGNetV2 | Tesseract Own

for detection, but fed into the PP-OCRvb5 for recognition. With these combinations
each detection and recognition model is inspected and the optimal choice for eShare
will be found. Once again it is important to note that all the models are CPU-based

and will use the smallest provided models to maximize the fit for eShare.

5.1.2 Pre- and post-processing

To achieve results that indicate the performance of the models and no other pro-
cesses, similar pre- and post-processing is used with all the systems. However, as the
models support different functionality, two different pipelines are used to maximize
output from the models by utilizing model-specific methods. The used pipelines are
visible in Table 5.1. All pipelines contain the same functionality in which the pipeline
will start with a PDF file and output text lines and coordinates for those text lines.
Each pipeline also contains the same greyscale transformation, filters, and gridding
sizing. The largest changes are in the intermediate processing that is between text
detection and text extraction and functionality on how this is configured.

The pipeline labelled Own is the most extensive and contains most self-made
code. The whole process is visible in Figure 5.1. First the document’s optimal DPI
and patch count is calculated, and morphological filters are applied. The image is

translated into grayscale and binarized to allow only pure black and white values.
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The previous solutions did not provide reasoning on what resolution they performed
detection and recognition, but DPI between 200 and 400 deemed to be the optimal.
For patch size, sizing from 2x2 to 4x4 is chosen. Both values are chosen based on
the size of the document, where for example A4 sized documents are split into 2x2
with 200 DPI and AO or larger documents are split into 4x4 with 400 DPI. This
ensures that even small text is visible on larger A0 sized documents, but additional
processing is not required on smaller A4 sized documents where small text is often
not apparent. Each patch contains 5% overlap with the other patches to minimize
the effect of patching.

After the patches are detected, each detected box from the edge of the patches
is merged into each other so that if there was a box on side-by-side patch edges, it
will be merged into a single detection. After this, all boxes are deskewed so that
the textual content is horizontally aligned. Finally, the individual detections are
inputted for text recognition, from where results are observed. It is important to
note that there are conversions between bytes and images between the processess as
some take in bytes and others image files.

The second pipeline labelled PP-OCRwv5 is the latest pipeline from PaddleOCR.
The pipeline contains a lot of individual processes, which are disabled for this thesis
to align best with the other pipeline. Thus, the main difference between the pipelines
is that the PaddleOCR will utilize its own deskewing functionality and not the
custom solution. [49] The pre- and post-processing functions are the same for both.
The post-processing is the same as in the previous solutions. It will only utilize
traditional lexical filters for the processing. The previous solutions did not go into
depth on what lexical filters they utilized, and a custom solution was created for
this thesis. In it, some cleanup is done, such as removal of multiple spaces and
a whitelisted list of characters is only allowed to appear. In addition to this, the

detections are split based on spaces to ensure word-level detections.
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Figure 5.1: Own pipeline for OCR
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5.1.3 Dataset

eShare supports a wide range of engineering drawings, which are different to previous
implementations as they have been from a single field of engineering. Instead of
focusing on a singular type of engineering drawings, the test dataset will contain a
varied set of engineering drawings. The dataset is acquired from test data used at
Cadmatic and drawings acquired from customers. As the data in the documents
is classified, it cannot be used for finetuning or publicized. This also is the major
reason as to why only pretrained models are used in the thesis. All the documents in
the dataset are PDFs that might or might not include metadata information about
the textual content.

The dataset is split into four different sets by the size of the documents. The
first set containing smaller documents, which are A3 or smaller in size. The second
set contains documents between A2 and Al and the final set contains documents
which are A0 or larger. The split between the sizes is visible in Table 5.2 (a). This
is done to measure the duration of the detection in different scenarios. The final set
contains all the documents in one, which will be used to measure the accuracy of
the systems.

The documents which make up the sets are visible in Table 5.2 (b). Each docu-
ment is unique in one or more ways to the others. This means that it might have
differing font, layout, or icons. The dataset contains engineering drawings, but also
a few title pages, which are often found in conjunction with engineering drawings.
Assembly drawings are most heavily represented in the set as they often contain part
number identification, which is the primary focus of this thesis. In total the dataset

contains 16414 text strings that are possible to be found from the documents.
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Document type | count
iizsIeD ] gl Document size | count
= ‘y Small 21
Isometric 6 :
Medium 15
General plan 3
T Large 13
Listing 4 Tota] 5
Title page 6 ota
Total 49 (b) Split between document size.

(a) Split between document type.

Table 5.2: Dataset distribution
5.1.4 Evaluation and running

The evaluation is done on two main parameters of accuracy and speed. The smaller
the model the better, as it then requires less storage, consumes less computational
power, and is typically faster than heavier models. Duration is the total time it
takes from the image to be translated into text strings, which contains the most
time-consuming parts, detection and recognition.

Accuracy can be measured by various metrics from which the precision, recall,
and F1 score will be used. Recall is the percentage of text strings that were correctly
detected from the absolute truth. Additional incorrect detections will not affect the
precision of the system, but with precision they are taken into account. Precision
represents how well the system was able to avoid incorrect detections, it is the
percentage of correct detections to incorrect detections. Finally, F'1 score is a metric
that combines the precision and recall. [53] The mathematical functions to calculate
precision, recall, and F1 are visible below. There true positive (TP) is detections
that are correctly detected, false positive (FP) is detections that are incorrectly
detected to be correct, and false negative (FN) is detections that are detected falsely
as negative meaning they are not detected. F1 was deemed to be the best accuracy
metric for this thesis as eShare requires accurate detections, but incorrect detections
also affect the system negatively. Incorrect detections can clutter the system with

unnecessary data and cause incorrect document-model links, causing problems for
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users. F1 score takes this into account better than a pure precision accuracy.

TP
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precision = m—FP

. precision *x recall 2TP

precision + recall  2TP + FP+ FN

The code for the tests is written in Python and the pipelines are run locally in a
system without a dedicated GPU. The tests are run in Windows 10 Pro 64-Bit Build
19045 with Intel Core i7-9850H CPU at 2.6GHz with 6 cores, 32GB of DDR4 RAM,
and 1 TB NVMe SSD. The duration of the OCR depends heavily on the system at
use, which emphasizes the percentage change between detection duration and not
so the actual timing of the detection. However, to achieve real-time detection, the
detection should be possible in under 10 seconds on this current system. This was
selected as the threshold for real-time detection, because of the system configuration
of the test machine. Tests are run multiple times, and the results are an average of
the runs. The tests are ran on the large dataset to calculate the accuracy scores and

on each of the size split dataset to achieve the duration of detections.

5.2 Results

The test cases were ran with each system to examine the suitability for eShare.
The results from the tests and the answer to the second part of RQ2 are visible in
Table 5.3 and visualized in Figure 5.2. Each system performed quite well, but there
were clear differences between each model. The systems were overall performing

somewhat worse than the results which were given in the previous implementations.
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However, the models were performing similarly in relation to each other as they
were in the previous implementations. The drop in performance is likely from the

difficult to understand engineering documents that were utilized in the dataset.

Detection

The three models that were selected for this benchmark were EAST, DB, and PP-
HGNetV2. EAST was clearly the worst performing model as both models, Tesseract
and TrOCR, provided the worst results compared to each other. Interestingly, the
EAST model was the best at detecting the highest recall compared to precision. This
can be explained by the fact that the EAST model was able to only detect the easy
and clear text-strings from the documents but missed when the data became more
complex. This also being the reason why the EAST model performs noticeably worse
than the other two models. EAST was also worse than the others at bounding the
text in accurate boxes. The boxes would often be inaccurate, which would critically
hinder the performance of the recognition model.

The DB and PP-HGNetV2 were able to perform more effectively and proved
better results. When comparing the DB and PP-HGNetV2 with Tesseract and
SVTR-HGNet it is clear to see that both models performed quite similarly. This
can be explained by the fact that both models were able to detect almost all text
strings from the documents. This makes the changes between the models minimal
and more dependant on the recognition model that is being used. DB was able
to achieve high accuracy with TrOCR and PP-HGNetV2 which proves that both
models would be great for use in eShare. Compared to EAST, both models were
able to detect text from complex scenarios and bound the textual content better.
Even though the lower threshold for detecting text caused the larger discrepancy
between precision and accuracy, it enhanced the overall accuracy of the model by a

large amount. In addition to the accuracy, both models were able to achieve similar
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Table 5.3: Results from the tests

System | Models Recall | Precision | F1
S1 EAST & Tesseract 0.577 | 0.584 0.581
S2 EAST & TrOCR 0.646 | 0.635 0.64
S3 DB & TrOCR 0.833 | 0.733 0.802
S4 DB & Tesseract 0.789 | 0.72 0.763
SH DB & SVTR-HGNet 0.834 | 0.766 0.798
S6 PP-HGNetV2 & SVTR-HGNet | 0.839 | 0.787 0.812
ST PP-HGNetv2 & Tesseract 0.785 | 0.707 0.744

duration, which is visible in Table 5.4.

EAST might have possibly achieved similar accuracy if the DPI and patch count
would have been raised, but as the model was already the slowest of the three, it
would not have been a viable solution. Detection is an especially important step
in the pipeline since if the model detects too much and too easily, it will flood
the recognition model with unnecessary processing and will exponentially grow the
computational time required. This makes it important to keep the confidence levels
high on both models and emphasize accurate detections. DB and PP-HGNetV2
were both able to achieve high accuracy, but also caused incorrect detections, which

negatively impacted the F1 score.

Recognition

For recognition the following models were used: Tesseract, TrOCR, and SVTR-
HGNetV2. However, the detection models were similar in duration, but the recog-
nition models made the larger change, which is visible in Table 5.4. This is explained
by the fact that the recognition model had to process each text string and not just
the patches, which resulted in much larger processing. Each model caused a jump
between medium and large documents, which is explained by the sheer amount of
data that the larger documents contained. However, with this data it is visible
to see that the TrOCR model was the slowest of the models overall. This was to

be expected as it was the most complex and largest model of the three. TrOCR
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Figure 5.2: Results from the tests visualized

proved great results especially with DB where it was almost able to reach the PP-
OCRv5 pipeline. Tesseract and SVTR-HGNet were both more lightweight and able
to perform in adequate time compared to the TrOCR and eShare’s requirements.
Tesseract and SVTR-HGNet were both able to be faster than TrOCR and enabled
for their implementation into eShare. However, Tesseract proved to be the less accu-
rate of these two, as SVITR-HGNet noticeably outperformed it on the F1 accuracy.
In addition to this the increased accuracy did not add a significant amount of time
to the processing, which makes SVTR-HGNet the clear choice for the recognition
model. Overall, the reached accuracy of 84% is not optimal and could be enhanced

further.
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Pipelines

The testing utilized two pipelines, one of which was the PP-OCRv5 pipeline from
PaddleOCR and the other was a custom pipeline that was based on the previous
implementations. The PP-OCRvb) pipeline was great at handling legacy documents,
but at the same time was not easily customized and included unnecessary processing
for relatively predictable engineering drawings compared to natural scenes. The
pipeline based on the previous solution however lacked in functionality and could be
improved further to enhance the performance. Clear pain-points in the pipeline were
tables and word-level detections. The detection model would not detect text inside
tables, and the recognition model would group individual words together instead
of detecting them as separate words. This could be improved with additional pre-
processing and intermediate processing. To maximise the results from the detection
and recognition models, a custom pipeline must be implemented that combines the
strengths of both custom and PP-OCRv) pipelines.

None of the systems were able to provide real time detection, which can be
seen from Table 5.4. It is visible that DB and PP-HGNetV2 in conjunction with
Tesseract and SVTR-HGNet, were able to reach near real-time detection in smaller
and medium-sized documents, but as soon as the amount of data in the larger
documents rose, the systems could not handle it in real time. The amount of data
amplified the differences between the recognition models and confirmed that real-
time detection would not be possible for eShare. When observing the percentage
changes in the average of the systems the DB and SVTR-HGNet (S5) was the best
performing system, from which the PP-HGNetV2 and SVTR-HGNet (S6) took 4%
slower, meaning that system S6 took 4% more time to process than system S5.

The DB and Tesseract (S4) was also only 14% slower and PP-HGNetV2 and
Tesseract (S7) was 28% slower. These were all contained in the similar group as

the fastest combinations. The EAST and Tesseract (S1) system being an outlier as
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Table 5.4: Average detection duration per document in dataset

System | Models small | medium | large All

S1 EAST & Tesseract 12.817 | 27.649 90.112 | 39.42
S2 EAST & TrOCR 34.169 | 54.072 | 247.704 | 93.627
S3 DB & TrOCR 17.016 | 24.521 122.123 | 48.993
S4 DB & Tesseract 6.812 | 11.502 | 52.635 | 21.687
Sh DB & SVTR-HGNet 7727 1 12984 | 44.079 | 18.979
S6 PP-HGNetV2 & SVTR-HGNet | 6.811 | 13.348 | 46.799 | 19.746
S7 PP-HGNetv2 & Tesseract 8.905 | 15.257 | 58.587 | 24.393

it was 108% slower than the fastest system, even though it was able to detect the
least. Finally, the combinations with TrOCR were 397% slower with EAST (S2)
and 159% with DB (S3).

5.3 Result analysis

The results from the tests prove that the current solutions are not as effective for
eShare’s use-case as they were for their respective solutions. Especially the older
EAST model was struggling when handling large and cluttered documents that con-
tained textual content in various formats and in non-ordinary situations. However,
the DB and PP-HGNetV2 were both able to function surprisingly well in these clut-
tered scenarios. Both models did run into some difficulties when detecting highly
concentrated individual text strings, but most of the detections in even highly clus-
tered scenarios were correct. Other pain-points were text that was close to edges
of circles. Especially with larger documents in which the text is small, these values
were missed and only the text from the centre was detected.

Both models, DB and PP-HGNetV2, were quick and effective at handling large
amounts of data and were still able to provide accurate results. Both models also
functioned surprisingly well on the limited computational power that was present in
this test case. However, in addition to the previous hard-to-detect cluster of strings

the models had difficulties detecting separate words and combined strings. This was
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Figure 5.3: Timing of the tests visualized

especially apparent in larger documents and in documents where the font was more
confusing. In some cases, there was not a clear split between spaces and whitespaces
between letters, such an in documents that were exported such that text was not a
font, but rather a combination of shapes. An example of difficult area is visible in
Figure 5.4. In the end PP-HGNetV2 was the most accurate of the detection models
and proved to be the fastest at providing these accurate results.

For recognition the three models all had their own benefits and clear applica-
tions that they could be used for. TrOCR was clearly too complex to be utilized
on a CPU only platform and caused significant overhead on the processing. The
processing was so slow that it could not be utilized even in a non-real-time appli-
cation, as running documents in the background too slow would also cause issues
and additional overhead to the user if they happened to be using the software at
the same time. However, the recall precision ratio that the TrOCR provided was

surprisingly good and in a GPU-based solution the larger TrOCR models could pro-
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vide excellent results for the use-case. However, for eShare this is not a possibility.
Tesseract on the other hand proved to be a small and lightweight model that was
surprisingly effective at recognition. The Tesseract model benefitted especially from
the available configurability, which allowed it to be fitted for this task via for ex-
ample whitelisting only required characters. This allowed the model to detect only
the correct characters and mistakes between languages or formulas could not be
made. In addition to this, Tesseract could be modified to detect only single lines
of texts that improved its performance. Finally, SVTR-HGNet was like Tesseract
as it provided great results and was fast enough. It significantly outperformed the
Tesseract in the PP-OCRv5 pipeline, but lacked the customization that Tesseract
provided and sometimes caused incorrect detections because of this. Even when
the PP-OCRv5 pipeline was configured to the English language, the SVTR-HGNet
model detected characters from other languages. This caused some issues with the
recognitions. However, as the SVTR-HGNet was marginally better than Tesseract,
it was the clear winner in the recognition models. In addition to this, PaddleOCR

is one of the leading developers in OCR and are developing new models constantly,
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which makes it a more attractive choice for the possible future development that
could happen and the easy possibility of swapping models in PaddleOCR’s library.

Finally, the two pipelines that were tested in this scenario, the custom pipeline
based on previous solutions and the PP-OCRv5 pipeline provided by PaddleOCR.
Both pipelines were functioning as expected and had their benefits. The PP-OCRv5
pipeline outperformed the custom pipeline but contained a lot of unnecessary pro-
cessing and lacked the customizability. For the quite simple use-case of engineering
documents, the machine learning-based deskewing was unnecessary overhead to the
whole process. Engineering documents contain text on a clean background in set
rotations. These could easily be detected with lighter algorithmic solutions. The
custom pipeline lacked some functionality but allowed full customizability.

The models had a clear optimal choice to be chosen, but with a pipeline a more
tailored solution could be better for eShare. The previous solutions did not utilize
the customizability and processing that was possible with the formatted structure of
engineering documents, and is possibly taken further. A critical point is the word-
level detections required by eShare, which caused issues with both pipelines. Both
pipelines combined separate words into single strings of data. With the format of
engineering drawings, it is known that text is in a specific format and with some
image processing the split points for spaces could be calculated. As PP-OCRv5 does
not allow custom intermediate processing steps, a custom solution has to be utilized.
However, the PP-OCRv) detection and recognition models could be utilized sepa-
rately, which would allow the additional step and remove the unnecessary processing
that was in PP-OCRv5. Both pipelines contained the same pre- and post-processing
that was based on the previous solutions. The pre-processing did sometimes lack,
especially with the morphological filters on images. Post-processing was not com-
plex and contained just simple lexical filters to filter through the detections and fix

obvious mistakes. Both areas are subject to further development.
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Even though DB with Tesseract and PP-OCRv) were both quite quick on CPU,
they could not provide real-time detection. The issue was not so with the detection
as it could handle detection of even A0 sized documents in adequate time, but more-
so the vast amounts of data in these documents. A single A0 document could include
thousands of text strings that the detection models detected. Running each of these
strings through the recognition model on CPU was too demanding and created the
largest bottleneck. There were no solutions found to circumvent this bottleneck,
and thus real-time detection must be excluded from eShare’s implementation. Even
though real-time detection is not possible, it is crucial to achieve as fast as possible
detection, to not cause issues if the detections are ran in the background or if the
user wants to open a document with real-time detection.

In conclusion, the PP-OCRv5 pipeline proved to be superior to other solutions
provided by previous authors. Especially, the models that PP-OCRv5 uses, PP-
HGNetV2 and SVTR-HGNet, are the optimal models for eShare’s use-case. How-
ever, neither pipeline is optimized for eShare’s use-case and the scanning of engi-
neering documents. This means that a customized solution that will improve the
accuracy should be implemented to extract the best possible results from the detec-
tion and recognition models. The F'1 scores on all the models were also quite lacking

and require further improvement in filtering out incorrect detections.

5.4 Proposed solution for eShare

eShare and engineering documents provide a unique environment for OCR, especially
when compared to natural scenes. The OCR encountered difficult scenarios, which
are not encountered in natural scenes or non engineering documents. These were
clear weaknesses in the whole pipeline. This could possibly be fixed with finetuning
in the case of having available data, but as this is not the case for us, another

solution must be proposed. Previous solutions did not utilize large amounts of
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pre-processing, intermediate processing, or post-processing techniques that could
enhance the performance of the OCR. As engineering documents are predictable in
their format, these could be utilized to a greater effect than previously in natural
scenes or previous solutions for engineering drawings. In this case, especially the
word-level detection proved to be difficult in some scenarios, which could be solved
with enhanced processing between the detection and recognition. In this Section
an answer to RQ2 is provided by proposing a solution that is a unique and tailored

solution for eShare but can possibly enhance the results also in other environments.

Model

The system to be used was chosen based on the previous Section 5.2 that provided
valuable information on the performance of differing models. On the metrics that
they were compared, PaddleOCR with SVTR-HGNetV2 and PP-HGNetV2 (S6)
proved to be the most suitable solution. PaddleOCR also had other benefits that
are useful for the implementation, such as that the system is open for modification
with possibility for fine tunning in the future, it allows utilization of models by
themselves to create custom intermediate processing, and provides a library that
eases the implementation of the system. All these reasons make system S6 the best
solution for eShare. As none of the systems were fast enough to provide great results
for real-time detection with large engineering documents, a caching mechanism needs
to be utilized to avoid repetitive processing. Even though real-time detection upon
document open is not viable, speed is still a crucial factor as extensive processing

times would affect the user negatively if the process is running in the background.

Pipeline

As said in Shapter 5.2 the pipelines in the testing were lacking and could be improved

further. The PaddleOCR library will be utilized for detection and recognition,
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but the other processing that the PaddleOCR library does is disabled. Instead,
customized processing is added to improve the accuracy of the system. The detection
and recognition model is accessed separately instead of utilizing the PP-OCRv5
pipeline that was used in the test scenario.

The proposed solution does not differ much from the previous solutions in the
pre-processing. It will utilize deskewing to ensure that the document is horizontally
aligned and morphological filters were used to make the PDF as clear as possible.
For morphological filters, binarization with OTSU thresholding proved to be the best
algorithm for creating a binarized image. Legacy engineering documents that were
scanned images in PDF and which contained light colours such as yellow became
cumbersome as the edges of text were hazy and resulted in incorrect binarization to
catch these light colours. To bypass this the PDF was converted into HSL colours
which was then binarized. In addition to this, a kernel was used to enhance the
edges of text in the images to ensure that the edges were as sharp as possible since
zoomed in images caused the pixels on the edge of texts to be hazy. This haziness
resulted in incorrect binarization, and the text was too thick. It was also observed
that the detection model did not require as high-quality images for processing and
thus the patches could be scaled down a bit when detecting text. However, it was
important for the patches to be high quality when extracting the detections as the
recognition model was more dependant on the quality.

In addition to this, all PDFs are split into patches that overlap with each other
and each patch is pre-processed by itself. As eShare requires memory management,
loading large engineering documents at appropriate DPI was impossible due to the
sizing issues. Thus, each page of PDF is processed so that a single patch is extracted
and loaded into memory, processed and then discarded. This way the memory
constraints of eShare are bypassed. To handle detection on the edge of patches, the

coordinates of them are stored, merged with each other, and then these remaining
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patches are rendered straight from the original PDF. After the preprocessing, the
patch is fed into the text detection module that utilizes SVTR-HGNetV2. Results
from the detection are given for intermediate processing.

The intermediate processing is the part of the pipeline, which contains the most
changes and improvements to previous solutions. The processing includes processes
found from previous solutions, such as merging closely found boxes and deskewing.
However, in addition to these, engineering documents often contain text in closely
packed tables and because of how the engineering documents are formatted the
contents are easily split into their own detections. Thus, detected images are split
vertically and horizontally based on the whitespace found in the image. If the image
contains either vertically or horizontally large whitespaces that are abnormal, they
are considered as spaces. This solves the issue described in Chapter 5.2 in which
varying fonts caused the detection model to mistakenly detect individual words as
one. Engineering documents also often contain abnormal word structure that can
confuse the model that is constructed on natural language. Due to these reasons,
it is beneficial to split the sentences into words on the intermediate processing step
and not to trust the text recognition model to correctly detect the spaces. The
whole process of this splitting is visible in Figure 5.5. The process in full contains
the following steps. First, large vertical and horizontal lines are removed from the
image to ensure that only the textual content is present in the image. Then some
image processing is done to ensure that the font does not have an effect to the
whitespace calculation. This contains for example making letters I and 1 thicker as
they are often abnormally located. After this all the whitespaces are calculated from
the image. With the whitespaces, possible locations for spaces are calculated with
kernel density estimation. When the possible spaces are located from the image, the
image is split based on these points into individual words. This process is done for

each image to ensure that each detection contains only a single word and not any
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sentences. It is important to note that the large lines, dilating, and other processing
done to the image is only used for querying the whitespaces. The to-be split image
is the original detection that will be also used in the recognition. After intermediate
processing the resulting images are fed into the text-recognition model that utilizes
SVTR-HGNet.

The varying font sizes in engineering documents were negatively affecting the
word-level detections, which were needed for eShare. This whitespace splitting en-
sured that the recognition model was receiving only a single word at a time and could
not mistakenly combine two separate words into one, which it did in the previous
solutions. An example of how a single detected line of text is split into word-level
images for the recognition model is visible in Figure 5.5.

For post-processing the same lexical filters were utilized that was used in the pre-
vious solutions. In addition to these there were some solutions added. The utilized
PP-OCRv5 recognition library is based on the English language, but can also detect
different languages, such as Chinese. As these languages contain similar characters

to the English alphabet, there were incorrect detections for some characters. A step
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was added which replaced all similar characters from non-English languages into
the English equivalent character. This way possible mistakes in the language was
fixed. An example of this was the detection of mathematical formulas in which for
example 10x10 was detected so that the "x" was a multiplication x. Such changes
do not negatively affect the accuracy as they are values that eShare expects.

Over the whole pipeline batching and concurrency can be utilized to speed up the
processing. The intermediate and post-processing steps are easily ran concurrently
without causing larger overhead and thus the processing is sped up. Also, the text

recognition can be done in patches so that the detection can be marginally sped up.

The whole pipeline is visible in Figure 5.6

Environment

As stated in the results in Chapter 5.2, the OCR systems cannot perform real-time
detection and thus a solution is required for when to run the OCR. The proposed
solution for this is to configure it so that the application will execute the OCR when
the application is not being used, for example during the night. The results are then
stored into an SQL database, from which they can be queried quickly when opening
a document. This will cut down the processing time down upon document open
in cases where the document has been already OCRd once. However, if need be, a
user can OCR the document on open, which will then result in longer processing,
but only for that singular open. In addition to the duration requirements, eShare is
primarily developed in .net with C#, which are not widely supported by the required
processing. Thus, the solution will be developed with Python and integrated into a
container, which enables the possibility to run multiple concurrent containers and
this way speeding up the processing, if the host machine has enough resources to do

SO.
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Table 5.5: Results from the tests

Pipeline Recall | Precision | F1
PP-HGNetV2 & SVTR-HGNet (S6) | 0.839 | 0.787 0.812
Proposed 0.903 | 0.867 0.885

5.5 Solution evaluation

The previously described solution will be evaluated on the same test material and
based on the same test scenario that the previous solutions were in Section 5.1. As
the PP-OCRV5 solution was the best of the previous solutions, it will be used as the
benchmark for the testing.

The results from the tests for the proposed solution is presented in Table 5.5
and visualized in Figure 5.7. The additional processing was able to enhance the
results by a small margin. Compared to the previous solution, it is visible that the
own solution exceeds the previous solution by around 8% in the F1 accuracy. The
difference is small, but when approaching closer to 100%, increasing the accuracy
becomes more cumbersome. Larger documents in the test set contained around
2000 text strings, which accounts to around 140 text string increase in accuracy per
document, which is great when comparing the additional computational resources
that this solution requires. The 4 second addition to process time is minimal and
justifies the 8% increase in accuracy for it.

The proposed solution was able to exceed the accuracy of the prebuilt PP-OCRv5
pipeline and proved to be a useful solution for eShare’s use-case. The PP-OCRv5
pipeline was making mistakes in the word-level detection, where it was combining
detections together that were meant to be separate. The horizontal and vertical
splitting that was done on the image at the intermediate processing handled this
issue and provided some extra accuracy to the pipeline. The removal of unnecessary
steps in the PP-OCRv5 also allowed the pipeline to function slightly faster and made

room for the additional processing that was done with the custom pipeline. For ex-
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Figure 5.7: Results from the tests visualized

ample, instead of using the heavy machine learning-based orientation detection in
PP-OCRvH a lighter algorithmic deskewing function was utilized, which provided
results as good as in the controlled environment of engineering drawings. As en-
gineering documents are often in similar formats the word-level splitting was able
to be done by traditional processing. This means that often after deskewing the
text is vertically aligned on a white background. Thus, it is possible to calculate
the whitespaces found from the image and from that algorithmically calculate the
possible locations for spaces. Engineering drawings however often inhabit irregular
spacing and varying fonts where the spacing might be non-traditional. Even with
these issues the gain was apparent compared to when the splitting was not done. It
is important to note that most of the gains were because engineering drawings are
similar in format. These intermediate processing steps might not work in natural
scenes which are more unpredictable.

Even though the solution is slightly slower than the PP-OCRv5, neither of them

were able to provide real-time detection and thus it is quick enough for the solution.
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Table 5.6: Duration of systems in seconds.

Pipeline Small | Medium | Large | Average
PP-HGNetV2 & SVTR-HGNet (S6) | 6.811 | 13.348 | 46.799 | 19.746
Proposed 7.977 | 15.704 | 56.743 | 23.771

The results for duration are visible in Table 5.6 and visualized in Figure 5.8. It is
visible that the proposed solution is slightly slower than PP-OCRv5, which is to
be expected from the additional processing. This addition in processing is however
minimal and thus does not pose any issues for eShare’s use-case as real-time detection
was not possible. When the data from the OCR is stored into a cache this slowness
becomes irrelevant as the document must be opened with the OCR only once and
after that it can be instantly loaded from the database. The architecture in which
the document is saved into the database from which it is then loaded on view merges
excellently into eShare’s document indexing and makes it possible for the OCR to be
ran in the background. This way the user never has to wait for the document to open
via the OCR but can always just load the data from the database. When documents
are saved into the database it also allows the opportunity to utilize both metadata
extraction and OCR in cases where the document contains some textual metadata,
but not all of it. In cases such as those the data that is saved into the document can
be extracted first and then the document can be extracted with OCR. By handling
collisions with the detections, they can be stored into the same database and then
the whole document can be extracted with maximal accuracy. This is beneficial as
most often the metadata information about text is correct and is better to use than
the OCRd information that might be slightly incorrect.

However, there still were issues and pain points that could not be solved even
with the additional processing. The three pain points that were discussed in Section
5.2 were all attempted to be solved. The word-level splitting was able to be solved
with the previously described solution. However, in the case of text being closely

located inside a circle, it still proved to be difficult for the model to detect them in
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Figure 5.8: Results from the tests visualized

larger documents. It was attempted to remove all circular shapes from the image
before detection, which helped in the case of smaller documents. However, with
larger documents the removal was not as accurate and caused incorrect detections.
The additional processing and reduced accuracy on large documents caused for the
removal of circles to not be useful for this issue. In addition to the removal of circles,
erosion was attempted to be utilized here as often the circles obtain thinner lines
than the text. However, this also caused more incorrect detections and the benefit
was minimal. Finetuning the detection model parameters and optimal DPI for the
document proved to be the best solution but could not mitigate the issue completely.
The detection model was having difficulties with vertically grouped text that were
closely grouped. In these cases, the detection model easily grouped all the detections
together. Additional processing could not help to split the text string separate from
each other as there were no clear whitespaces between the lines and the recognition

model could not detect multiple rows of text at the same time. Cases such as these
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could possibly be generated with AI or by hand to fine-tune the detection model to
handle scenarios such as these. For this thesis the finetuning of the models further
is out of scope. Besides these issues, most of the incorrect detections were the result
of the engineering drawing containing overlapping or otherwise invalid text strings
that would be hard to detect even for a human.

Overall, the proposed solution provides an adequate solution for RQ2 and will
prove useful with legacy documents. The increase in F1 accuracy compared to
previous solution is significant enough to justify the pipeline instead of utilizing the
prebuild PP-OCRv5 pipeline. In addition to this the pipeline gives the additional
control compared to the PP-OCRv5 to modify the pipeline or even to change the
detection or recognition models if wanted. Besides the previous pain points, the
solution is nearly as good as a human at detecting textual strings from engineering

documents.



6 Discussion

This thesis took a look into the current solution that are being used for detecting
textual content from engineering drawings and proposed a solution that could be
implemented into the Cadmatic’s eShare information management system. With
previous research it was found that there are not a lot of specialized solution for
this use-case. Most of the OCR solution in engineering drawings were about symbol
detection and the text detection was not as popular. This was suprising as engineer-
ing drawings inhabit alot of valuable information, which is in turn lost with legacy
documents and often require manual handling by humans to extract this informa-
tion. Especially for a system like eShare this is crucial. In addition to this previous
solutions were able to detect with an accuracy close to 90%, which was not the
case with my dataset. The dataset used contained specially difficult documents that
contained hard to detect data. This most likely is caused by the time-limit imposed
by the requirements, which heavily effects the accuracy of most models. For real
use-cases this is crucial and cases when eShare habits thousands of documents, it
would be impossible to allow the OCR to run for multiple minutes per document.
Previous solutions did not utilize a lot of processing and it was often left aside
or for future research. For eShare’s use-case with engineering drawings that are
predictable in format, this proved to be a valuable step that enhanced the OCR
with additional accuracy. EShare also contains engineering drawings for multiple

fields, which made the processing difficult. Fixes to a specific field, such as P&ID,
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issues would easily cause problems with other fields of engineering documents. This
meant that the processing had to be as universal as possible. If the documents would
have been from a single area of engineering, even more processing of the images could
have been done to enhance the detection. Previous solutions also emphasized on the
morphological filters to be used in pre-processing. In this thesis they did not provide
any additional accuracy and often resulted in just less accuracy than the original
image that was used. Eroding was useful with small images, but with larger images
it caused issues and thus was not useful.

The lack of GPU usage for this solution was a clear limitor and caused issues
with most of the models that were used or proposed for this thesis. For example
the TrOCR model is not suitable for use with CPUs as the duration that it took
to detect was too much. This is to be expected as the transformer architecture is
directed towards GPUs and not optimized for CPUs. However, PaddleOCR was
suprisingly optimized for CPU performance and was able to provide great results
regardless of the limited computational power. PaddleOCR proved to be a suitable
library for the use-case and leaves the door open for future development with the
models. There is also the possiblity to fine-tune the models in case a customer wants
a customized model or data for training is optimized from somewhere.

Engineering drawings also proved to be difficult to process even by hand. Many
engineering drawings were drawn with confusing fonts that left room open for dis-
cussion on what specific characters were and where some sentences should split into
words or if they were to be combined into a single string. This caused issues in cre-
ating the dataset and making it as nonbiased as possible, which in turn caused some
missed detections even though the detection functioned as expected. To enhance the
dataset for testing, multiple persons should have went through it, but that was not
a possiblity in this thesis. This causes the results slightly skewing and not maybe

being the most accurate. However, the large amount of data in the dataset should
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offset this and give accuracy. In some cases it would be impossible to definitely say
if two words should be seperate or combined, which is caused by the fonts used in
the documents.

The thesis offered a solution that provided satisfactory results for implementa-
tion into eShare. It is not the optimal solution, as real-time detection and better
accuracy would have been preferred, but compared to previous solutions and the use-
case, the solution proposed is satisfactory. Real-time detection is possibly achievable
even with CPUs, but only with smaller documents, such as A4. For larger A0 docu-
ments, and especially with documents that contained a lot of data, the recognition
became an issue. To have access to GPUs, real-time detection could possibly be also
implemented for large A0 size engineering documents. As eShare did not have any
extraction of text from legacy engineers previously, this solution provides a lot of
value. As the OCR is based on a pre-existing model, it can be also utilized in other
environments than engineering drawings if need be. As mentioned in Chapter 3 eS-
hare contains a wide variety of documents in addition to engineering drawings, which
might face the same issues as engineering drawings and the solution proposed here

can provide benefits there, even though it is not made exactly for that environment.

Future research

This thesis explored the possiblity of enhancing results with specialized intermediate
processing, but this research could be taken even further. For future research I

propose the three following research questions:

e Can Al be utilized to create an artificial engineering drawing dataset?

e Can specific pain points of engineering document detection be solved with

finetuning?

e How can specialized intermediate processing be utilized to enhance OCR. for
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specific types of engineering documents?

The first question, handling on the issue of the lack of engineering drawings
that could be utilized for fine-tuning models. There is a possibility of utilizing Al
for generating artificial engineering drawings that could be utilized for finetuning
models. I do not believe that existing models could do this out-of-the-box, but
creating a specified model could prove extreamly useful here. On a lower scope, the
second question handles the pain points that were brought up in this thesis and were
not able to be solved. With AI or by hand a dataset could be created that contains
these pain points and by finetuning a model could improve the rate of detections.
Finally, there were ideas in this thesis for solving the pain points, but most of
them did not work as the use-case for eShare contains a range of different kinds of
documents. However, in a case where there was only a single field of engineering
documents, a more specialized intermediate processing and pre-processing could
enhance the detection even further. Answering these two questions would need
additional research that is out of the scope of this thesis, but would provide useful

information in the area of optical character recognition of engineering documents.



7 Conclusion

Engineering drawings inhabit alot of textual information that is valuable to the user
and to eShare as a system to enable functionality, such as document-model linking.
With legacy documents or in cases where the conversion to PDFs the textual data is
lost from the metadata of the document and it can not be extracted using traditional
methods. In such cases a human would have to manually go and extract the data,
which is slow and cumbersome to the user.

This thesis was done to address the issue of extracting textual information from

engineering documents. Two research questions were provided:

RQ1: What are the current solutions for detecting part numbers from engineering

drawings and how do they compare?

RQ2: What is the best implementation for eShare and how can this be implemented?

The first question, handles the research of previous solutions that are currently
being used for this use-case. It was addressed in Chapter 4. Multiple solutions were
found, which addressed the issue at hand. However, these solutions were not directly
what was required for eShare’s use-case and thus they were evaluated for the specified
use-case in Chapter 5, which addresses the second half of the question. Previous
solutions, which were old and had newer and more performative solutions, were
upgraded and additional solution were provided. The most optimal solution from

the previous solutions was the PP-OCRv5 pipeline that is created by PaddleOCR.
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With the information gathered from the RQ1, the RQ2 was addressed in Chapter
5. The chapter contained a proposed solution for eShare, which was then in turn
benchmarked compared to the best previous solution, PP-OCRv5. The solution
implemented enhanced intermediate processing, which was lacking in the previous
pipelines. It was able to prove a 8% increase to the previous pipeline, with additional
intermediate processing that was focused on engineering drawings and especially on
splitting detections to word-level for the recognition model. In total the proposed
pipeline was able to achieve a recall rate of 89% and an F1 score of 81%.

The thesis was able to find a suitable implementation from the previous solu-
tions, but also discovered that the previous solutions were not directly applicable
to eShare’s unique use-case. With this information, a pipeline was proposed that
fulfilled the needs for eShare and proved satisfactory results, which can enhance the

experience and add value to eShare.
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