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Introduction  
 

B-robots, founded in 2017, has emerged as a prominent player in the field of Robotic 

Process Automation (RPA). With their deep expertise and innovative approach, they have 

swiftly established a strong foothold in this dynamic and competitive market. B-robots 

excels in providing comprehensive solutions across various domains, empowering 

businesses to streamline their processes and achieve operational efficiency.  

Their main service, Robotic Process Automation (RPA), enables the automation of repetitive 
tasks using software robots. This empowers organizations to reduce manual effort, improve 
accuracy, and enhance productivity. 

In addition to RPA, B-robots branched out into AI automation, which combines the power of 
Artificial Intelligence and automation to create intelligent workflows. Leveraging cutting-
edge algorithms and machine learning techniques, they enable businesses to automate 
complex decision-making processes, thereby accelerating digital transformation. 

 

During my internship at B-Robots, I had the privilege of working on diverse projects. 
Throughout this experience, my primary focus revolved around two significant tasks: data 
extraction from documents, with a focus on invoices, and working on a computer vision 
model to integrate within an automated testing framework. For the latter, I collaborated 
with another intern from a company called Brightest. My internship at B-Robots offered me 
an invaluable opportunity to improve my own technical skills and knowledge in the field. In 
this realization document, I aim to outline and showcase the work I accomplished during my 
time at B-Robots, shed light on the achievements, lessons learned, and personal growth I 
attained throughout this journey. 

Figure 1 B-robots logo 



 

1. Internship Objectives 
1.1 Addressing Invoice Fraud and Data Extraction 

One of the primary objectives of my internship was to research and address the issue of 
Invoice Fraud. Initially, the project was conceived as a Proof of Concept aimed at exploring 
the feasibility of creating a tool to detect Invoice Fraud on digitalized invoices so that B-
robots could potentially offer this service to future customers. 

To begin, I conducted an in-depth analysis and investigation into various fraudulent 
practices associated with invoice processing. This involved studying different types of 
fraudulent activities, understanding the common patterns and indicators, and exploring 
existing fraud prevention techniques and technologies.  

However, as the project progressed, the focus shifted towards becoming a broader Data 
Extraction initiative for various types of documents. This expanded version of the project 
would incorporate an additional feature that allowed for the evaluation of the reliability and 
validity of important information extracted from documents, so that the original idea of 
combating problems such as Invoice Fraud remained at the forefront. 

Thus, I worked on automating the data extraction process from invoices using a 
combination of techniques, including OCR (Optical Character Recognition) and NLP (Natural 
Language Processing). Leveraging Python, spaCy, and Google’s Tesseract OCR Engine, I 
developed a pipeline capable of extracting key information, such as invoice numbers, dates, 
and amounts, from invoice documents.  

1.2 Collaboration and Computer Vision Model Development 

In collaboration with another intern from Brightest, we embarked on an exciting project to 
develop a Computer Vision model for a testing framework. Our goal was to use the power of 
Computer Vision to detect and locate web elements, like buttons and links, within web 
applications, primarily websites, using pure visual methods. These detected clickable web 
elements would serve as the basis for simulating real-world user interactions, mimicking 
their actions by accurately emulating clicks on the identified elements. 

We chose for a purely visual approach to replicate real-world usage in its most authentic 
form, as relying solely on internal paths to find these elements could potentially lead to 
clicking on non-visible elements which normal users wouldn’t use. By focusing on the 
visibility of elements, our approach would yield more realistic results during the testing 
phase, ensuring that the interactions were accurately performed on the web elements it 
identified. Later, with more data and if this PoC proved successful, the project could be 
expanded to other applications. 

  



 

2. Projects and Tasks 

In the following sections, I will provide a general technical overview of the different projects, 
followed by a more detailed explanation that delves deeper into the intricacies of the 
implementation and the different components of each task.  

 2.1 Document Data Extraction 

Businesses and organizations rely on various types of documents, such as invoices, receipts, 
contracts, and other forms of paperwork, to manage their operations and finances. 
However, manually processing the information on these documents can be a tedious and 
error-prone task. To automate this process, I devised a pipeline that incorporated the 
Google Tesseract OCR (Optical Character Recognition) engine along with a custom-built NLP 
model based on the spaCy transformer template.  

An annotated dataset of invoices was created by running scanned invoices through Google 
Tesseract. Google Tesseract is an open-source OCR (Optical Character Recognition) service 
meaning its accuracy will be slightly reduced. The resulting text was then manually 
annotated using an open-source annotation tool, which allowed me to highlight and label 
specific data on an invoice and export this data in a JSON format.  

Accurate annotations play a pivotal role in instructing machine learning models about the 
specific information they need to learn. Precise and meticulous annotations provide the 
necessary guidance for the machine learning model, allowing it to recognize and 
comprehend the targeted entities or patterns effectively. By carefully and correctly 
annotating the data, I lay the foundation for training a robust and reliable machine learning 
model that can make accurate predictions and perform effectively in production scenarios. 

The NLP model was created using Python and spaCy. It includes several components which 
are placed within one ‘spaCy pipeline’, such as text tokenization, a Transformer Listener 
layer, Named Entity Recognition, and a Span Categorizer, which work together to perform a 
complete analysis of the given invoice.  

 



 

To enhance user convenience, a user interface was developed utilizing Streamlit. This 
interface empowers users to upload their invoices and conveniently visualize the extracted 
information in a user-friendly format.  

 

Figure 2 Example GUI image 

To provide an overview, the document will be displayed on the left side of the interface, 
while the various elements will be visually represented on top of it. On the right side, the 
extracted text and the corresponding labels assigned to different entities will be presented. 
This arrangement offers a clear depiction of the resulting text generated by the OCR engine, 
as well as the distinct entities identified through the NLP model. By visually mapping the 
extracted information alongside the document, users can easily grasp the output of both the 
OCR engine and the NLP model, gaining valuable insights into the document's content and 
the entities extracted.  

 

  



 

2.2 Brightest Testing Framework 

In the realm of IT, ensuring the reliability and performance of applications is paramount, 
which necessitates robust testing strategies. To minimize errors when testing recently 
modified web pages, leveraging a Computer Vision model can prove advantageous as it is 
not dependent on hardcoded information. Such a model can be trained to detect specific 
web elements that require testing and extract their precise coordinates on the web page to 
then use those coordinates to simulate clicking behaviour. 

 

To achieve this, a collection of diverse screenshots showcasing various web pages and their 
web elements was taken. These screenshots were then annotated using Doccano, an open-
source annotation software, the same annotation tool I employed in the Document Data 
Extraction project for labelling textual data. This annotated dataset was subsequently 
adjusted to adhere to the YOLO data format, enabling the utilization of the YOLOv8 model—
an AI model created by Ultralytics, a company known for high-end and easy to use 
Computer Vision models. The YOLOv8 model, like its predecessors, sets the benchmark in 
the field of computer vision and seamlessly integrates with modern applications. 

 

 

 

 

 

 

 

 

To ensure the model's accuracy and effectiveness, we performed extensive data cleaning, 
adjustment, and augmentation. This involved removing irrelevant data, adjusting 

Figure 3 Result of the CV model 



 

annotations, and augmenting the dataset by generating synthetic examples to address data 
scarcity issues for certain web elements. By meticulously preparing and refining the dataset, 
we aimed to train a robust Computer Vision model capable of accurately detecting and 
analyzing web elements, empowering developers with a powerful testing tool within the 
Brightest Framework. 

Afterwards I handed the trained model and the code required to use it to my colleague 

intern at Brightest, who then implemented it within his application so that it could be added 

to the Brightest Framework. 

2.3 Query Screen 

During my internship, I also undertook a small side project that involved creating a query 
screen to be integrated within a (RPA) bot. While this task was initially outside the scope of 
my internship responsibilities, I took the initiative to offer my assistance and expressed my 
willingness to contribute and I was granted the opportunity to work on this aspect, despite 
it not being initially assigned to me. This experience highlights the flexibility and adaptability 
I strive to embody within a professional environment. By embracing new challenges and 
taking on additional responsibilities, I aim to continuously grow and contribute effectively to 
the organization's goals. 

This solution, developed using JavaScript and PHP, aimed to facilitate the querying of an SQL 
database. By implementing this feature, I contributed to enhancing the functionality and 
usability of the bot, providing users with a streamlined interface to interact with the 
underlying database.  

  



 

3. In-Depth Overview 

In the following sections, I will delve into the details of the implemented solutions for both 
the Data Extraction and the Brightest CV Model. For these sections we will not be going over 
the Query Screen as this was only a small part of the internship. These two sections will 
offer a comprehensive explanation of the step-by-step process involved in creating the 
solutions, highlighting the key considerations, methodologies, and technical intricacies. 
Hopefully this will help in providing a more in-depth look into the methodologies and 
techniques employed to address the challenges at hand. 

3.1 Document Data Extraction 

Initially, as part of the data extraction process, the conversion of invoice images into text 
was a critical step. To accomplish this, I developed a Python pipeline that involved using a 
PDF converter to convert the invoices into JPG format. Before proceeding with Optical 
Character Recognition (OCR), I implemented pre-processing techniques to enhance the 
quality of the images and subsequently extracted the data from the processed images.  

Step 1: Dummy data generation 

An inherent challenge encountered during the project was the scarcity of available data for 
the company's purposes. Upon conducting online research for publicly accessible datasets, 
various document collections, including invoices, were discovered. However, a significant 
drawback was that the majority of these datasets comprised outdated documents. While 
these datasets could have sufficed if the focus was solely on analyzing layout structures, the 
text and information contained within them were often obsolete. To address this limitation, 
I took the initiative to develop a Python script capable of generating additional data, thereby 
augmenting the training dataset beyond the provided resources. This approach allowed for 
a more comprehensive and robust dataset, enabling improved model performance and 
accuracy. 

  



 

Step 2: Preprocessing 

During the pre-processing stage, the images underwent grayscaling followed by the 
application of a binary threshold. To preserve the black elements while accounting for 
varying shades of gray, a threshold value of 220 and a maximum value of 255 were chosen. 
This crucial step prevented the potential loss of inner text within tables present in the 

invoices, ensuring accurate extraction of the 
desired information.  

Additionally, I applied morphological changes to 
remove lines by detecting long adjacent pixels 
with values higher than 25 pixels for the 
horizontal lines and values higher than 35 pixels 
for the vertical lines. This approach effectively 
eliminated unnecessary lines, which could 
interfere with the accuracy of the OCR engine, 
particularly when text appeared below such 
lines. It also allowed smaller vertical lines, that 
were part of the letters, to remain untouched. 

 

  

Figure 4 Original Document Figure 5 Grayscale Document 

Figure 6 Document with cleaned up lines 



 

Step 3: OCR (Object Character Recognition) 

Subsequently, the pre-processed images were fed into the Tesseract OCR Engine to extract 
the text content. Tesseract does not only give the text values found within an image but also 
their location within the document as data, which we will use later to draw bounding boxes 
on the document later. Google Tesseract is an open-source OCR service meaning its 
accuracy will be slightly reduced. 

Tesseract offers different configurations tailored for various document layouts, including 
single lines of text, tables, and auto-detection. However, after conducting extensive 
experimentation, it was determined that utilizing the uniform block of text configuration 
yielded the best overall performance. Although customizing the configuration per document 
showed slight improvements in specific cases, these gains were marginal and not 
consistently guaranteed. Therefore, the decision was made to adopt the universal block of 
text configuration as the default setting, ensuring reliable and efficient performance across 
a wide range of documents. 

The extracted text using the open-source version of Google Tesseract exhibits reduced 
accuracy, with minor misinterpretations of text located within previously gray areas. These 
inaccuracies can be attributed to the presence of small optical artifacts resulting from the 
grayscaling process.  

 

In an attempt to mitigate this issue, erosion was applied; however, it was found to 
significantly degrade the overall document quality, rendering it an impractical solution. 
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Figure 7 Document to be used for OCR Figure 8 Extracted text 



 

Step 4: Annotate data 

Once I obtained the resulting text files, I proceeded with the annotation process using 
Doccano, which is an open-source annotation tool which can be used by multiple people for 
the same project by hosting it using a docker container. Initially, I performed annotations 
following the standard Named Entity Recognition (NER) scheme to leverage spaCy's NER 
functionality.  

 

Figure 9 Doccano Annotation GUI 

Subsequently, in order to enhance the annotation capabilities, I made further adjustments 
to the annotations by incorporating both traditional Named Entity Recognition (NER) 
entities and annotations in the context of pure spans or tokens. These modifications focused 
on the utilization of each label and the manner in which they were annotated, rather than 
altering the fundamental types of annotations within Doccano itself. 

In NER annotations, it is possible to encompass multiple spans or words, allowing for the 
annotation of complete addresses or names as Named Entities. However, for the SpanCat 
component, the objective was to isolate singular spans, such as individual street names, to 
optimize its functionality. Therefore, the adjustment involved ensuring that the SpanCat 
annotations exclusively encompassed singular spans during the annotation process, while 
NER annotations retained their capacity to encompass multiple spans. 

 

 

 

 



 

A good example to show the difference between a singular span for the SpanCat component 
and the normal NER component would be the different ways of annotating an IBAN number. 

 Only one part of the IBAN is annotated 
meaning it’s a single span. 

 The entirety of the IBAN is annotated here 
as well (while still allowing for single spans) 
meaning it will be used for NER. 

By incorporating both types of annotations and adjusting their usage accordingly, the 
expanded annotation capabilities provided a more comprehensive and versatile approach to 
capturing and categorizing entities within the text data. 

To facilitate these enhanced annotations, I utilized spaCy's SpanCat component, which 
functions similarly to the regular NER component but focuses on singular spans. This 
approach allowed for the creation of composite annotations, a concept akin to overlapping 
annotations seen in some paid annotation services. By annotating singular spans within the 
SpanCat component and later incorporating them into the NER component further down 
the pipeline, I aimed to improve the overall performance of the NER component. Moreover, 
this approach enabled the individual detection of specific elements, such as street numbers 
or parts of an IBAN, even when the complete entity could not be found. 

To summarize the process so far; the original documents in PDF or image format undergo 
conversion to the appropriate JPG format. These processed images are then subjected to 
pre-processing techniques. The next step involves performing optical character recognition 
(OCR) using Tesseract, which extracts the desired textual data from the images. This 
sequential workflow enables the transformation of the original documents into a format 
that can be efficiently processed and analyzed, ultimately obtaining the required textual 
information from the OCR output. 

 

Convert to JPG    Pre-Process 

(If needed) 

 

 

   OCR 

 

The primary objective of the previous steps was to obtain a clean and high-quality dataset 
as a foundation for developing the NLP model. The quality of the data plays a crucial role in 
determining the performance of the model, which is especially critical when dealing with 



 

important, and at times financial, information. Having acquired the refined dataset, the 
subsequent step focuses on outlining the methodology employed to construct the current 
NLP model. This section will delve into the specific techniques and approaches utilized to 
leverage the meticulously curated data and build a robust and high-performing model 
tailored to the task at hand. 

  



 

Step 5: NLP modelling 

Before I could start training the actual model, I had to make one slight adjustment. Since I 
opted to use the spaCy library I also need to turn my current dataset into ‘.spacy’ files. For 
this I wrote a small Python script to go through all the annotations and convert them.  

Afterwards, I conducted benchmarking experiments to compare the performance of 
different models. Specifically, I evaluated both the standard Tok2Vec model and spaCy's 
transformer model, which is based on the ‘bert-base-multilingual-uncased’ transformer. 
Through rigorous testing and analysis, it became evident that the transformer model 
outperformed the Tok2Vec model. This superiority can be attributed to the transformer's 
advanced ability to comprehend contextual information within a written document. Despite 
these documents typically containing relatively limited amounts of text, the transformer 
model still demonstrated noticeable improvements, suggesting that even subtle contextual 
cues contribute to enhanced performance. 

I built my own spaCy model based on the transformer model spoken about above. A custom 
spaCy model is constructed by assembling and configuring a pipeline of different 
components. Each component in the pipeline performs a specific task, which work together 
sequentially to process the input text and generate the desired output. 

By combining these different components into a pipeline, the custom spaCy model enables 
efficient and accurate processing of text data, providing valuable linguistic insights and 
facilitating a wide range of natural language processing tasks. 

The final configuration of my spaCy pipeline was designed as follows:  

The process commenced with the application of a spaCy tokenizer, which segmentized the 
text into individual tokens. This was followed by the integration of a Transformer Listening 
Layer, which leveraged the power of transformer models to capture contextual information. 

 

 

In terms of the pipeline order, the SpanCat component was positioned before the NER 
component. This deliberate arrangement aimed to utilize the results from the SpanCat 
component to enhance the accuracy and performance of the NER component. By leveraging 
the information derived from SpanCat, we could enrich the NER results and improve the 
identification and classification of named entities within the text. 

In the context of training a machine learning model, epochs and steps are two distinct 
concepts. An epoch refers to a complete pass over the entire training dataset during the 
training process. In contrast, a step refers to a single update of the model's parameters 
based on a batch of data. 

  

Spancat Tokenizer 
Named Entity 

Recognition 

Transform-

er Listener 



 

During the process of benchmarking and experimenting with different configurations, it was 
observed that utilizing steps instead of epochs offered flexibility and made it easier to work 
with. This led to the decision of employing a maximum of 20,000 steps, rather than explicitly 
setting the number of epochs, in the training process. By focusing on steps, it provided finer 
control over the training iterations and allowed for more nuanced adjustments. 
Additionally, incorporating an early stopping mechanism set at 1,600 steps ensured that the 
training could be efficiently halted if desired performance criteria were not met. This 
approach provided the benefits of improved performance and greater adaptability in fine-
tuning the model's training process. 

In the provided image, the training results of our spaCy model are depicted, revealing a best 
total F score of 0.82. Although this score demonstrates significant progress, it falls short of 
the desired 0.9+ threshold typically required for production-ready applications. The primary 
reason for this suboptimal performance can be attributed to the limited amount of training 
data available for spaCy's internal checks. Normally, a dataset of 272 documents would be 
utilized, but some of these documents are allocated for validation and testing purposes and 
are not included in the training process. As a result, the model is trained on only 218 
documents, which is considered insufficient for developing production-ready models. 
However, it is worth noting that the current implementation serves as a Proof of Concept, 
and further improvements and iterations can be made in the future to enhance the model's 
performance. 

  

Figure 10 Results from the training process for the NLP model 



 

 

 

Figure 11 Results of internal spaCy evaluations 

After conducting further testing on my model, it has shown respectable F scores across 
various entity types. However, two specific scores draw attention: the SPANS for ADDRESS 
and IBAN. This observation aligns with our expectation, as these entities often consist of 
multiple spans meaning the Span Categorizer wouldn’t be able to detect them. Additionally, 
we noticed slightly lower scores for END_DATE and DATE_SENT, which can be attributed to 
the fact that these entities provide supplementary information in addition to the date itself. 
However, the lower Recall score for DATE is somewhat perplexing and may be attributed to 
the diverse types of dates annotated in the data. Furthermore, it is worth considering that 
the interpretation and standardization of dates can vary, potentially influencing the model's 
performance in this regard.  

 

Figure 12 Results of testing the NLP model 



 

 

 

Considering the limitations in terms of available data and time constraints, it is reasonable 

to conclude that the current performance of the model represents its optimal state without 

extensive fine-tuning. While further improvements could potentially be achieved through 

meticulous adjustments and refinements, such an endeavor would require substantial 

additional time and resources. Given the existing constraints, the model has already 

achieved a commendable level of performance, and any further enhancements would likely 

necessitate a more comprehensive and time-intensive fine-tuning process. 

Step 6: GUI  
 

In this subsequent step of the Data Extraction project, a user-friendly Graphical User Interface (GUI) 

was developed using Streamlit. This GUI simplifies the process for users by providing an intuitive 

interface where they can effortlessly upload their invoices in PDF, JPG, or PNG format. The system 

then automatically performs image pre-processing, Optical Character Recognition (OCR), and data 

extraction on the uploaded invoices. Notably, the GUI supports the processing of multiple invoices 

simultaneously, creating a dedicated tab for each uploaded invoice. This streamlined approach 

enhances the user experience and facilitates efficient extraction of data from invoices, making the 

entire process seamless and convenient. 

 

Figure 13 GUI front screen 

In addition to the uploaded invoices, the GUI also displays the extracted text alongside the detected 
information. This presentation format provides users with a comprehensive view of both the Named 
Entity Recognition (NER) entities and the SPAN entities. To achieve this unified display, all entities are 
converted to SPAN entities and presented in a consistent manner. By harmonizing the representation 
of NER and SPAN entities, users can easily interpret and analyse the extracted information, gaining 
valuable insights from the displayed data. 



 

 

Figure 14 Showing multiple upload files 

To enhance user convenience, the GUI supports the simultaneous upload of multiple 
documents, with a combined maximum total size of 200MB. Users can select and upload 
multiple documents at once, and the system will create separate tabs for each uploaded 
document. This feature enables users to efficiently handle and process multiple documents 
within the same session, streamlining their workflow and improving effectivity.  

Additionally, the GUI also offers a customizable component that allows users to tailor the 
display of important data based on the document type. This feature enables developers to 
define specific rules or criteria for each document type, ensuring that the most relevant 
information is prominently displayed and easily accessible. By customizing the display based 
on document type, users can streamline their data analysis process, focus on the key data 
points, and extract meaningful insights more efficiently. Currently this is set only set up for 
invoices due to time constraints and the inherent focus on invoices. The actual ability to 
change the different key data has not been made available to normal users and must be 
altered manually at the time of writing. 

 

 

 

 

 

 

 

Furthermore, the GUI offers the capability to download the extracted information in the 
form of a JSON file. This functionality allows users to easily retrieve and store the extracted 
data for further analysis or integration with other systems. By providing a convenient JSON 
download option, users can effortlessly access the structured data obtained from the 
invoice extraction process, enabling seamless data sharing and utilization. This JSON 
document is however, made within the Doccano data format for easy use between the two 
applications. 

Figure 15 GUI showing customizable import entities 



 

Beyond the base functionality of extracting text out of documents I also provided an Auto 
Labelling functionality to speed up the internal annotation process of the company for 
future annotation or NLP project needs. 

 

Figure 16 GUI showing auto labeler interface 

To accommodate varying annotation needs, the maximum upload size for the application 
has been set at 200MB. However, for larger annotation jobs, this limit can be adjusted 
accordingly. To enhance user experience and provide transparency, a loading bar has been 
implemented, allowing users to easily track the progress of their annotation jobs. This 
feature ensures that users can conveniently monitor the status of their tasks, providing a 
more streamlined and user-friendly annotation process.  

Throughout this process, every uploaded file undergoes the previously explained steps, 
including image pre-processing and OCR. These steps ensure that the uploaded documents 
are properly prepared for further analysis. Once pre-processing and OCR are completed, the 
text is tokenized, breaking it down into individual units such as word. This tokenization 
enables efficient processing and analysis of the textual content. Subsequently, data 
extraction techniques are applied to identify and extract relevant information from the 
tokenized text.  

 

Figure 17 GUI showing auto labeler in proces 

  



 

Lastly, I incorporated a feature that allows the conversion of annotation files into the 

'.spacy' file format, facilitating the training or re-training of future NLP models, as long as it 

uses the spaCy library. By providing this functionality, the GUI empowers users to efficiently 

leverage their existing annotations for model training, saving valuable time and effort in the 

development and refinement of future NLP models. 

 

Figure 18 GUI showing conversion tab 

 

 

  



 

3.2 Brightest Testing Framework 

The objective is to utilize screenshots to identify and detect various web elements. By 
analyzing these elements, we can extract their X and Y coordinates on the screen. This 
information becomes valuable when integrating with the testing framework of Brightest. 
The extracted coordinates are then employed to automate the process of clicking on specific 
elements during the testing phase. This approach significantly accelerates the testing of 
diverse web applications, as it eliminates the need for manual interactions.  

Step 1: Labelling 

The annotation process was divided between me and the other intern, and we utilized the 
Doccano annotation tool for this task. Although Doccano does not support direct annotation 
in the YOLO format, this obstacle was overcome by developing a Python conversion script. 
This script efficiently converted the annotations from Doccano into the required YOLO 
format, enabling seamless integration with the subsequent stages of the project. 

 

Figure 19 Doccano Object Detection labelling 

As depicted in the image above, the labeling process for Computer Vision tasks differs 
slightly from the labeling process for NLP tasks. However, the underlying principle remains 
consistent. Accuracy remains a crucial in both cases, however we need to pay slightly more 
mind to this during this labelling process than for the NLP model. When labeling for 
Computer Vision, it is important to ensure that the labeled areas precisely encompass the 
target elements. If areas around the elements are also labeled, the model will learn to 
recognize and include those areas during inference. In the context of text labeling, the 
process involves delineating the boundaries around words, whereas in Computer Vision, 
additional attention is required to ensure that the labeled edges do not extend excessively 
beyond the target elements.  



 

Step 2: Select and train model 

I started with benchmarking various Computer Vision models, including YOLOS, an 
experimental Visual Transformer, YOLOv5, and YOLOv8. While each model presented its 
own merits, I ultimately opted to proceed with YOLOv8 due to its higher degree of 
customization and the ability to adjust input parameters. This flexibility enabled the 
handling of larger screenshots, which was beneficial for our specific requirements. 

The models previously mentioned serve two main purposes: object detection and 
localization. Object detection involves identifying and classifying various objects present in 
an image, while localization focuses on determining the precise location of these objects by 
creating bounding boxes around them. By utilizing bounding boxes, we can extract the 
coordinates of the outer edges, enabling us to calculate the center coordinates of the 
objects. This information is crucial for interacting with specific elements accurately. 

Furthermore, the object detection aspect not only enables the detection of clickable 
elements but also provides the ability to classify each element. This classification feature 
allows for further customization and specific handling of different types of elements based 
on their identified class. 
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Figure 20 Differences between types of CV 



 

To conduct benchmarking for the YOLOv8 model, I had to convert the dataset from the 
original Doccano annotation format to the YOLO format. This conversion process was 
relatively straightforward thanks to the use of Python scripts. Although there were certain 
aspects and details in each format that required careful attention and manual handling, they 
did not pose significant obstacles. Overall, the conversion was a manageable task, and I 
successfully prepared the dataset in the desired YOLO format for benchmarking the YOLOv8 
model. 

Afterwards, I proceeded to train the model for 100 epochs to assess its performance. 
Unfortunately, the results were rather underwhelming, as indicated by our mean Average 
Precision at 50% IoU threshold (mAP50 score).  

 

Figure 21 Results training process of CV model 

The mean Average Precision at 50% Intersection over Union is a commonly used evaluation 
metric in object detection tasks. It measures the accuracy of the model in detecting objects 
by comparing the predicted bounding boxes with the ground truth bounding boxes. 

The Intersection over Union (IoU) is a measure of overlap between two bounding boxes. If 
the IoU between a predicted bounding box and the ground truth bounding box is above a 
certain threshold, in this case 50%, it is considered a correct detection. 

The Average Precision (AP) is calculated by computing the precision-recall curve based on 
different confidence thresholds for the predicted bounding boxes. It represents the average 
precision across all recall levels. 

The mAP50 score specifically focuses on the average precision at the 50% IoU threshold, 
which is a common threshold used in many object detection tasks. It provides an indication 
of the model's ability to accurately detect objects with a moderate level of overlap with the 
ground truth. 

In the context of the mentioned results, having a lower mAP50 score suggests that the 
model’s performance in accurately detecting objects, means our results aren’t exactly 
desirable. However, it is important to consider the limitations of the dataset size and the 
diversity of the data, as these factors can impact the model's overall performance. 

 

 

  



 

Despite the lower confidence in its predictions, the model still demonstrates a reasonably 
good performance in detecting various objects. It successfully identifies the presence of 
objects in the input data but exhibits a lack of certainty in the accuracy of its predictions. 
This implies that while the model can identify objects, there is room for improvement in 
terms of increasing its confidence and reducing false positives or false negatives. 

 

Figure 21 Results of predictions of CV model 

Step 3: Optimizing the model 

After completing the benchmarking phase, I delved into investigating the factors 
contributing to lower performance. Three main issues surfaced during my research.  

Issue 1: 
Firstly, some of the training data proved to be too large for the model, resulting in 

information loss due to excessive downscaling. Addressing this challenge necessitated 

exploring strategies to preserve critical details while accommodating the model's 

limitations. 

This issue was solved relatively quickly by simply making sure that future data (screenshots) 
would be maximum of 1280 by 1280. We chose to keep the original bigger training data as 
well because of time constraints and not having the will the cut them up and re-annotate 
them. I gave the option to try and cut them using Python scripts but this wasn’t deemed 
necessary. 

  



 

Issue 2:  

Secondly, we encountered an imbalance in the distribution of labels within the training 
data. While certain labels had sufficient representation with an adequate number of training 
instances, others suffered from limited availability. This imbalance introduced challenges in 
accurately detecting and classifying specific web elements, prompting the need to explore 
techniques for augmenting the training dataset and achieving a more balanced 
representation across all labels. 

This problem was partially solved by doing some data exploration, looking into which labels 
we have and how many we have of each. In the end we only chose the labels of which we 
had at least 200, which still isn’t that much but at least it was a start. 

 

 Figure 21 Labels before pruning    Figure 22 Labels after pruning 

 

Issue 3: 
Lastly, the quantity and diversity of the available data presented additional complexities. 
The dataset itself exhibited significant variations, which posed challenges for the model's 
generalization capabilities.  

The limited amount of available data also posed a significant challenge in achieving optimal 
performance for the model. However, rather than addressing this issue directly, we 
approached it as a proof of concept.  

We recognized that with a larger and more diverse dataset, the model's performance would 
likely improve significantly. Therefore, the focus was on showcasing the potential of the 
model given the existing data, while acknowledging the need for additional data to unlock 
its full capabilities.  

  



 

After having fixed some of the issues with the data I decided to re-train the model with the 
new dataset.  

 

Figure 23 Confusion Matrix of CV model 

It’s certainly not perfect but with the small dataset that we have we decided to stop it here. 
In figure 8 we can see that the model is better than the confusion matrix shows us. This 
could be that the validation set wasn’t perfect, which is once again possible due to the small 
size. 

 

Figure 24 Finalized predictions of CV model 

  



 

Conclusion 

In conclusion, my internship experience at B-Robots has been an enriching and rewarding 
journey, during which I worked on two primary tasks: data extraction from invoices and 
collaborating on a computer vision project for a testing framework.  

In the realm of data extraction from invoices, I successfully developed a robust pipeline 
using Python, leveraging the PDF converter and Tesseract OCR Engine to convert invoice 
images into text. The annotated dataset, prepared using the Doccano annotation tool, 
facilitated the training of NLP models, specifically spaCy's TextCat, NER and SpanCat 
components. This resulted in accurate extraction and recognition of crucial information 
from invoices, such as company names, addresses, invoice amounts, IBAN numbers and 
BTW numbers. The integration of advanced techniques like thresholding, grayscale 
conversion, and line removal further enhanced the OCR accuracy and streamlined the data 
extraction process. 

Additionally, my collaboration with another intern from Brightest on the computer vision 
project for the testing framework proved to be a valuable endeavor. We explored various 
CV models, benchmarking their performance to identify the most suitable approach. 
Ultimately, YOLOv8 emerged as the preferred choice due to its customization capabilities 
and compatibility with larger screenshots. Overcoming challenges related to data size, label 
distribution imbalance, and data diversity, we successfully fine-tuned the model to detect 
and extract web elements accurately. The integration of the YOLOv8 model within the 
Brightest Framework will empower developers to perform robust testing and ensure the 
quality and integrity of web applications. 

 


