Role of Scene Text Understanding in Enhancing Driver Assistance

Thesis submitted in partial fulfillment
of the requirements for the degree of

Master of Science in Computer Science and Engineering by Research

by

George Tom
2018111004

george.tom@research.iiit.ac.in

S

International Institute of Information Technology, Hyderabad
(Deemed to be University)
Hyderabad - 500 032, INDIA
November 2024



Copyright © George Tom, 2024
All Rights Reserved



International Institute of Information Technology
Hyderabad, India

CERTIFICATE

It is certified that the work contained in this thesis, titled “Role of Scene Text Understanding in Enhanc-
ing Driver Assistance” by George Tom, has been carried out under my supervision and is not submitted
elsewhere for a degree.

Date Adviser: Prof. C V Jawahar

Date Adviser: Prof. Dimosthenis Karatzas



To my family



Acknowledgments

This thesis would not have been possible without the invaluable support and guidance of countless
individuals who crossed my path. I am deeply grateful for their contributions.

My most profound gratitude goes to my supervisors, Professor C.V. Jawahar and Professor Dimos-
thenis Karatzas. Prof. Jawahar played a pivotal role in my growth as a researcher, teaching me how to
approach problems and persevere through challenges. His mentorship has been invaluable in shaping
my research methodology and pushing me to where I am today. I’'m deeply grateful for his unwavering
support and guidance. I express my heartfelt appreciation to Prof. Dimosthenis Karatzas, my co-advisor,
who provided me with insightful ideas and engaged in discussions that significantly contributed to this
thesis. His patience and encouragement helped me with the confidence to navigate the initial confusion
and uncertainty. Additionally, I would like to express my sincere appreciation for caring for me during
my CVC visit.

I extend my sincere gratitude to Minesh Mathew for his exceptional mentorship. His extensive
knowledge and expertise played an important part in guiding me through the uncertainties of the research
process. He generously offered his time for insightful discussions that helped me navigate the challenges
I faced. His mentorship played a key role in shaping the direction of my work, and I am truly grateful

for the patience, wisdom, and encouragement he consistently provided.

My time at CVIT was fun because of the friends I made over there. I thank Soumya, Shivanshu,
Zeeshan, Shubham, Siddhant, Madhav, Pranav, Varun, Darshan, Rudrabha, Ravi, Seshadri and Rupak
for the laughter, chaos, and a healthy dose of peer pressure you brought to the table. I am also grateful
to Jerin, who significantly influenced my decision to join CVIT. Thank you for the encouragement and
invaluable guidance. Soumya deserves special mention for being an irreplaceable part of my project
discussions and a wonderful companion during our travels. I extend my gratitude to Sergi, with whom I
collaborated on multiple papers, and Ruben for their invaluable contributions and support. Meeting you
both was a pleasure! Thinking back on my time at CVC, I realize that the friendships I made truly stand
out - I thank Sanket, Andres, Ali, Dipam, Aarya, Esha, Andrea, Andrea(bro), Moha, Kevin, Lele, Ayan,
Khan, and Laura.

Life at CVIT was made a lot easier by the supportive administrative and tech team. I thank Rohitha,
Aradhana, Tessy, Sony, Mahathi and Cecilia for their support and assistance. I thank Varun and Ram for

their I'T expertise and for helping with the annotation tool and project pages. Additionally, my thanks go



vi

to Mahender for his assistance with annotations. Your collective efforts have made a meaningful impact
on my time at CVIT.

Next, I would like to thank all the misfits who made my monday mornings bearable. Ashwin, Dolton,
Sambhav, Naren, Srinath, Sahil, Mohee, Koushik, Joseph, Giri, Bhuvanesh, Adarsh, Shinde, Siddarth,
Amogh, Srivathsan, Sreevignesh, Thummala, Rhuthik, Pranoy, Vivek, Aswin, Ivin, Shiva and Rahul
- here’s to the crazy, chaotic, beautiful journey we shared, and to the lifelong connection that started
amidst the late-night talks and shared caffeine.

To those I’ve remembered to thank, cheers! To those I haven’t, my apologies! Consider this a virtual
high-five. Thank you all for making this journey as epic as it has been.



Abstract

Scene text conveys important information to drivers and pedestrians, serving as an indispensable
means of communication in various environments. Scene text contains information regarding the speed
limit, route information, rest stops, and exits, among other important information. It is important for
drivers and passengers to understand this information for a safe and efficient journey. However, outdoor
scenes are cluttered with text, distracting drivers and making it hard to focus on what matters, potentially
compromising their ability to focus on essential details and navigate safely. Recognising scene text
in motion aggravates this challenge, as textual cues transiently appear and necessitate early detection
at a distance. Driving scenarios introduce additional complexities, including occlusions, motion blur,
perspective distortions, and varying text sizes, further complicating scene text understanding.

In this thesis, we look at improving scene text understanding in diving scenarios through video
question answering and analysing the present state of scene text detection, recognition and tracking:
(i) We introduce a new video questions answering task and dataset that requires an understanding of
text and road signs in driving videos to answer the questions. (ii) We look at the current state of scene
text detection, tracking and recognition in the driving domain through the RoadText-1K competition.
(iii) We explore detection and recognition in special cases of occlusions, a common yet under-explored
complication in real-world driving scenarios. By focusing on these areas, the thesis contributes to
advancing scene text analysis methodologies, offering insights and solutions that are imperative for

developing more intelligent and responsive driver assistance systems.
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Chapter 1

Introduction

Understanding the visual world around us is crucial for navigating our daily lives. This is particularly
true for drivers, who rely on a constant stream of visual information to make informed decisions and
ensure their safety. Text plays a vital role in this process, appearing on road signs, billboards, and other
elements of the environment. By reading and comprehending this textual information, drivers can navi-
gate efficiently, adhere to traffic regulations, and avoid potential hazards[22]. Whether it is a speed limit
sign dictating our pace or a stop sign demanding our immediate attention, textual information provides
clear and concise instructions that allow us to adapt our behaviour accordingly. It also serves as a con-
stant reminder of the rules and regulations that govern our interactions with the physical environment,
promoting order and safety on our roads. Furthermore, we can avoid potential hazards by reading and
comprehending textual information. Road signs warning of upcoming turns, pedestrian crossings, or
construction zones enable us to anticipate and adjust our driving, reducing the risk of accidents. In this
way, textual information helps us to make informed choices, ensuring a smoother and safer journey for
ourselves and others. Shop signage acts as a visual map, informing us of the businesses available in a
particular area. Whether it’s a restaurant logo or a brightly coloured store name, this information saves
us valuable time and energy as we search for specific goods and services. It also adds visual interest
to the landscape, transforming streets into vibrant thoroughfares buzzing with activity. Billboards and
advertisements, while often overlooked, also play a role in our navigation. They serve as landmarks,
helping us identify landmarks and orient ourselves within unfamiliar territory. While their primary pur-
pose may be to promote products or services, they also contribute to the overall visual tapestry of the
surroundings. However, an overabundance of textual information on the road can also be distracting and
lead to accidents[65]. When drivers are bombarded with too many signs, billboards, and advertisements,
it can become challenging to prioritize and process the most critical information quickly. This cognitive

overload can lead to slower reaction times or even failure to notice essential warnings or directives.

These texts that are present within natural environments, such as on signs, billboards, posters, and
shop signage, are referred to as “’scene text”. There is significant interest in understanding scene text
owing to its relevance and the challenges it presents. The Table 1.1 list the different datasets of scene

text detection and recognition datasets and the Figure 1.1 illustrates the progression of significant scene



Table 1.1 The table summarizes different datasets for scene text detection and recognition in images

and videos. It includes information about the text attributes, language, and media type for each dataset.

Dataset Text attributes Language Media type
ICDAR 2003[55] Horizontal English Image
ICDAR 2013[34] Horizontal English Image
CUTESO0[71] Curved English Image
ICDAR 2015[33] Arbitrary oriented, blur English Image
Text in Videos[33] Arbitrary oriented English Video
ICDAR 2017 MLT[61] Arbitrary oriented Multilingual Image
COCO-Text[82] Arbitrary oriented English Image
Total-Text[17] Arbitrary oriented, Curved English Image
CTWI[97] Arbitrary oriented Chinese Image
CTW1500[98] Curved English & Chinese Image
ICDAR 2019 MLT[60] Arbitrary oriented Multilingual Image
ICDAR 2019 ArT[18] Arbitrary oriented, Curved English & Chinese Image
RoadText-1K[68] Arbitrary oriented English Video
IOT-ILST[57] Arbitrary oriented Multilingual Image
ISTD-OC[25] Arbitrary oriented, Synthetic Occluded English Image
BOVText[90] Arbitrary oriented English & Chinese Video
OCTTI[67] Arbitrary oriented, Synthetic Occluded English Image
RoadText-3K[24] Arbitrary oriented Multilingual Video
Occluded RoadText Arbitrary oriented, Occluded Multilingual Image

text related datasets from 2003 to 2024. Starting with early scene text detection and recognition datasets
like ICDAR 2003[55], ICDAR 2013[34], and ICDAR 2015[33], it shows the evolution towards more
complex datasets that incorporate curved texts, such as CUTES0[71] CTW-1500[98]. In 2017, ICDAR
MLT[61] expanded the scope by providing a multilingual dataset, which was followed up by ICDAR
2019 MLT[60] and HIT-ILST[57]. The RoadText-1K[68] scene text detection, recognition, and tracking
dataset is 20 times larger than the Text in Videos[34] dataset. It was later expanded to RoadText-3K[24]
to encompass multilingual scene text. Recent advancements in scene text understanding include the ST-
VQA[8] dataset, which marked the introduction of the first Visual Question Answering (VQA) dataset
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Figure 1.1 The figure illustrates the progression of significant datasets from 2003 to 2024, showing the

evolution from early scene text detection datasets like ICDAR 03 to advanced scene text related tasks

based on scene text in images. Building upon this, ViteVQA[102] extended the concept to videos, laying
the groundwork for VQA tasks involving the interpretation of text in video content.

Despite the importance of text in driving scenarios, current ADAS systems have largely ignored
the need to read and understand text. In parallel with ViteVQA, our work RoadTextVQA was released,
which models the textual understanding in driving scenarios as a Video Question-Answering (VideoQA)
task. Early VideoQA primarily focused on the visual aspects of the scene, neglecting the rich informa-
tion conveyed through text. To address this gap, we introduce a new dataset specifically designed for
VQA on driving videos. In contrast to previous datasets that focus on diverse video content, our dataset
consists exclusively of driving videos, ensuring that the questions and answers are relevant and practical
for real-world driving scenarios. The dataset contains 10.5K questions and 3.2K videos based on road
text and road signs and evaluates it on two state-of-the-art VideoQA models. However, the performance
of VideoQA models on this dataset revealed a significant challenge: their struggle with reading scene
text.

To further investigate the capabilities of existing models in reading text in driving videos, we orga-
nized a competition. This competition aimed to assess the performance of state-of-the-art systems in
detecting, recognizing, and tracking text in driving scenarios. We separately assess the methods for the
detection and tracking of text, and then we also evaluate them end-to-end, considering the recognition.
The competition findings provided valuable insights into the strengths and weaknesses of different ap-
proaches and highlighted the need for further research and development in this area. The competition

had participation from various industry leaders and universities.

Recognizing the limitations of existing models when it comes to reading text in real-world driving
environments, we delved deeper into a specific scenario where models struggle: occluded scene text.

Occlusions, which can arise from various sources, such as natural elements, moving objects, and cam-



era angles, significantly impact the visibility and readability of text. The current issue with existing
datasets[88, 67, 26] is that their occlusions are mostly manually generated, which doesn’t accurately
reflect the complexities and unpredictability found in real-life situations. This artificial nature of oc-
clusions can create a gap between a model’s performance in controlled experimental settings and its
effectiveness in real-world applications. We have developed a new dataset called Occluded RoadText
specifically tailored for this challenging scenario, comprising over 1,000 images and 3, 659 instances
of occluded text of varying types. Additionally, the benchmark is publicly hosted to allow researchers

to compare their methods.

1.1 Contributions

The contributions of the thesis are as follows:

» We introduce the task of scene text and road sign based VideoQA and its associated dataset, where
models are required to comprehend and interpret scene text and road signs to answer questions.
We provide a detailed aanalysis of the dataset, and the performance of various methods on the

dataset

* We organise a competition to evaluate the current state of scene text detection, tracking and recog-

nition in the driving domain.

* We introduce a new dataset for the special case of occlusion in scene text with 3,000+ instances
of occluded text. We also introduce a new task of scene text detection involving multiple images

for end-to-end scene text recognition.

1.2 Organization of Thesis
The thesis is organised as follows:

1. Chapter 2 lays out the background and literature review on scene text understanding, VideoQA,

scene text recognition, and related works relevant to driving scenarios.

2. In Chapter 3, we look at the new RoadTextVQA and analyse the performance of VQA models on
the RoadTextVQA dataset.

3. Chapter 4 discusses the organization and results of a competition to assess the state-of-the-art

scene text recognition and tracking algorithms in driving videos.

4. Chapter 5 we explore the particular difficulty posed by occluded scene text, presenting a special-

ized dataset for this purpose.



Chapter 2

Background and Related Works

2.1 Scene Text Understanding

Scene text is the text that is present in the images or videos taken in outdoor environments. Scene
text understanding involves detecting, recognizing and interpreting the text within these images. Re-
searchers have come up with and explored various techniques for scene text detection, recognition, and
understanding in driving videos. Apart from this, several pretraining techniques were introduced to
improve the understanding of the scene text, which is not explicit to driving scenes. TAP[94] was the
first to incorporate scene text in the pretraining task and proposed a “relative (spatial) position predic-
tion” task, which involved predicting spatial relationships of scene texts. PreSTU[35] is a recent work
where they introduce novel OCR-aware pretraining methods to connect scene text to the visual content.
They introduce a SPLITOCR pretraining technique for pretraining, which involves providing a part of
the scene text and model predicting the rest. The following subsections will go into detail on the prior

works related to scene text understanding, specifically in the case of detection, recognition, and tracking.

2.1.1 Scene Text Detection and Recognition

Deep learning models, particularly Convolutional Neural Networks (CNNs), have enabled the de-
velopment of highly accurate object detection models. Several CNN-based approaches, which consider
text as objects, have demonstrated strong performance in localising text. EAST[104] was the first neu-
ral network-based approach that detected words but failed on curved and vertical texts. Horizontal
bounding boxes are limited in representing scene text orientation. TextBoxes++[45] uses quadrilateral
bounding boxes to represent text layout. Curved text detection was significantly improved by ABCNet
models[50, 51] by utilizing Bezier-curve networks.

Text recognition algorithms can be broadly divided into character-based and word-based. Each char-
acter is individually recognised and grouped together in character-based methods, and word-based meth-

ods use CRNNs[75] to detect text words or lines. Liao et al.[45] introduced TextBoxes++, which com-



bines both CNN and RNN for word spotter and end-to-end recogniser. TESTR[100] is an end-to-end
transformer-based end-to-end recogniser that works well with curved text instances.

The ICDAR-13[34], 15[33] datasets consist of 462 and 1500 images, respectively and contain text
in various orientations and sizes. While both datasets offer word-level annotations, ICDAR-15 has a
more robust multi-oriented ground truth. The Street Text View (STV)[87] dataset, derived from Google
Street View, comprises 350 images and 674 cropped words. In contrast, the COCO-Text[83] dataset is
notably larger, featuring 63,000 natural images with over 170,000 labelled text regions. Total-text[17]
encompasses 1555 images, presenting diverse text orientations, including multi-oriented and curved.
Meanwhile, the CTW1500[98] dataset, comprising 1500 images, has line-level annotations, mainly

focusing on curved texts.

2.1.2 Scene Text Tracking

Text tracking methodologies fall into two primary categories. The first, Tracking by Detection (TbD),
involves making detections in each frame and linking them to create a track. Wang et al. implement
this approach by recognising text in each frame and forming a track by associating the detected texts.
FREE[16], an end-to-end method, utilises spatial-temporal characteristics for simultaneous detection
and tracking, performing text recognition once and employing a text recommender to select the highest
quality text across frames. In Detection by Tracking, detection occurs in the initial frame and is then ex-
tended to subsequent frames. Gomez et al.[27] propose a method leveraging Maximally Stable Extremal
Regions (MSER) for text detection and propagation. In the context of [78], recognition is conducted in
each frame. The tracking trajectory is learned globally using dynamic programming using all detections
and recognitions.

The ICDAR Text in Videos[34] dataset consists of 51 videos that were shot in a variety of contexts,
such as roads, supermarkets, and indoor spaces. YouTube Video Text(YVT)[62] contains 30 videos
taken from YouTube, each with scene text and digitally added text such as commentary or subtitles and
scene text. RoadText-1K[68] is made up of 1,000 driving videos taken from the BDD[73] dataset that
have been annotated for text detection, recognition, and tracking. BoVText[90], a recent addition, has
2,021 videos with both born-digital overlay text and scene text instances acquired from various video-
sharing networks worldwide. The RoadText-3K[24] extends RoadText-1K with 2,000 videos taken from

Europe and India and features texts in multiple languages.

2.1.3 Detection and Recognition under Occlusion

Text detection and recognition in occluded settings has been a difficult challenge in computer vi-
sion due to the diverse variety of occlusions that might occur in real-world scenarios. The Occlusion
Scene Text(OCT)[67] dataset contains word images of occluded text. It contains 4,832 images with
occlusions that are manually created, and the images are sourced from multiple other datasets, including
ICDAR13[34], ICDAR15[33], CUTES80[71]. Occluded Character-level Total-Text (OCTT)[67] dataset



contains 300 images for occluded word text spotting and is taken from Total-Text[17] where at least
one character is manually occluded. Raisi et al.[67] introduced an end-to-end architecture for scene text
spotting which attains state-of-the-art performance in identifying occluded text instances by leveraging
a pre-trained masked backbone. ISTD-OC[25] dataset 1500 images for detection and 4468 images for
recognition and is specifically curated to provide occluded images. The images are taken from the IC-
DAR 2015 dataset. The dataset is designed to offer a variety of partially occluded images with a degree
of randomness. Occlusion is applied to text regions by overlaying random parts of the original image

generated using a Gaussian distribution.

2.2 Video Question Answering and Scene Text

2.2.1 VideoQA

In video question answering(VideoQA), the goal is to answer the question in the context of the video.
Earlier approaches to VideoQA use LSTM to encode the question and videos[103, 44, 36, 85]. Several
datasets have been created in recent years to assist research in the field of video question answering
(VideoQA). Large datasets such as MSRVTT-QA[91] contain synthetically generated questions and an-
swers where the questions require only an understanding of the visual scenes. MOVIE-QA[77] and
TVQA[41] are based on scenes in movies and TV shows. Castro et al.[13] introduced a dataset with
videos from the outside world for video understanding through VideoQA and Video Evidence Selection
for interpretability. MOVIE-QA[77], TVQA[41], HowtoVQAG69M[93] provide explicit text in the form
of subtitles. Multiple-choice datasets[77, 41, 92] consist of a pre-defined set of options for answers.
When compared to open-ended datasets, they can be considered limiting in the context of real-world ap-
plications. Synthetically generated datasets[91, 96, 13] contain questions that are generated through pro-
cessing video descriptions, narration and template questions. MSRVTT-QA[91] exploits the video de-
scriptions for QA creation. HowToVQAG69M[93] uses cross-modal supervision and language models to
generate question-answer pairs from narrated videos, whereas ActivityNetQA[96] uses template ques-
tions to generate the QA pairs. Xu et al. introduced the SUTD-TrafficQA[92] dataset and the Eclipse
model for testing systems’ ability to reason over complex traffic scenarios. The SUTD-TrafficQA[92]
dataset contains multiple-choice questions that are based on different traffic events. RoadTextVQA is
an open-ended dataset that deals with questions related to the text information found in road videos or
the signs posted along roads. Recent studies[39, 40, 43, 42] on pretraining transformers on other vision
and language tasks have shown excellent results for the VideoQA task. Lei et al. [39], in their study,
uncovered the bias present in many video question-answering datasets, which only require information
from a single frame to answer, and introduced new tasks aimed at training models to answer questions

that necessitate the use of temporal information.



Table 2.1 Comparison of RoadTextVQA with existing video question answering datasets. ‘“Text-based”
indicates whether the questions require an understanding of the text present in the videos to answer.
“Road-based” questions are datasets which are based on the driving domain. “Synthetic questions”
are questions that are not manually annotated and depend on automated methods for question-answer

generation. Abbreviations used - OE: Open-ended questions, MC: Multiple choice questions.

Dataset Text-based  Road-based  Synthetic Questions  #Videos #Questions QA type
MovieQA[77] X X X 6.7K 6.4K MC
MSRVTT-QA[91] X X 4 10K 243.6K OE
Activitynet-QA[96] X X v 5.8K 58K OE
TVQA[41] X X X 21.7K 152.5K MC
WildQA[13] X X X 0.4K 0.9K OE
HowtoVQA69M[93] X X v 69M 69MK OE
SUTD-TrafficQA[92] X v X 10K 62.5K MC
NewsVideoQA[31] v X X 3K 8.6K OE
M4-ViteVQA[102] v X X 7.6K 25.1K OE
RoadTextVQA 4 v X 3.2K 10.5K OE

2.2.2 VideoQA involving video text

NewsVideoQA[30] and M4-ViteVQA[102] are two recently introduced datasets that include videos
with embedded born-digital text and scene text, respectively. Both datasets require an understanding of
the text in videos to answer the questions. Embedded text, sometimes called video text in news videos,
is often displayed with good contrast and in an easy-to-read style. Scene text in the RoadTextVQA
dataset can be challenging to read due to factors such as occlusion, blur, and perspective distortion.
M4-ViteVQA contains videos from different domains, a few of them being shopping, driving, sports,
movies and vlogs. The size of RoadTextVQA is more than three times the size driving subset of M4-
ViteVQA. Additionally, a subset of questions in RoadTextVQA also requires domain knowledge to
answer questions related to road signs. Few recent works[86, 14] on vision and language transformers
have shown to work well with text-based VQA tasks. Kil et al.[35] introduced PreSTU, a pretraining
method that improves text recognition and connects the recognized text with the rest of the image.
GIT(Generativelmage2Text)[86] is a transformer-based model for vision and language tasks with a

simple architecture that does not depend on external OCR or object detectors.



2.2.3 Scene Text VQA

Our work in Chapter 3, which focuses on VQA requiring text comprehension within videos, shares
similarities with other studies dealing with text in natural images, commonly known as Scene Text VQA.
The ST-VQA[9] and TextVQA[76] datasets were the first to incorporate questions requiring understand-
ing textual information from natural images. LoRRa[76] and M4C[29] utilized pointer networks[84]
that generate answers from a fixed vocabulary and OCR tokens. In addition, M4C used a multimodal
transformer[81] to integrate different modalities. TAP[94] employed a similar architecture to M4C and
incorporated a pretraining task based on scene text, improving the model’s alignment among the three
modalities. Another study, LaTr[7], focused on pretraining on text and layout information from doc-
ument images and found that incorporating layout information from scanned documents improves the

model’s understanding of scene text.



Chapter 3

Reading Between the Lanes: Text VideoQA on the Road

Q: What is the speed limit of the road?
Ground Truth: [45]

Ve s A

Ground Truth: [ ketcham ] MA4C: ketcham SINGULARITY: fedex GIT: hp

Q: Which pump company is advertised on the black van on the left?

Figure 3.1 Examples from our RoadTextVQA dataset. The question in the first clip is based on the
speed limit road sign, so it is classified as a “road sign based” question. Meanwhile, the question for the
clip in the second row draws information from the text on the van, making it a “text based” question.

The ground truth answers and the baseline predictions are also presented.

3.1 Introduction

We propose a new dataset for Visual Question Answering (VQA) on driving videos, with a focus on

questions that require reading text seen on the roads and understanding road signs. Text and road signs
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provide important information to the driver or a driver assistance system and help to make informed
decisions about their route, including how to reach their destination safely and efficiently. Text on roads
can also provide directions, such as turn-by-turn directions or the distance to a destination. Road signs
can indicate the location of exits, rest stops, and potential hazards, such as road construction or detours.
Reading text and understanding road signs is also important for following traffic laws and regulations.
Speed limit signs, yield signs, and stop signs provide important information that drivers must follow to

ensure their safety and the safety of others on the road.

VQA is often dubbed as the Turing test for image/video understanding. The early datasets for VQA
on images/vqa and videos [2, 77, 91] largely ignored the need for reading and comprehending text on
images/vqa and videos, and questions were mostly focused on the visual aspects of the given image or
video. For example, questions focused on the type, attributes and names of objects, things or people.
However, the text is ubiquitous in outdoor scenes, and this is evident from the fact that nearly 50% of the
images/vga in the MS-COCO dataset have text in them [82]. Realizing the importance of reading text
in understanding visual scenes, two datasets—Scene text VQA [9] and Text VQA [76] were introduced
that focus exclusively on VQA involving scene text in natural images/vqa. Two recent works called
NewsVideoQA[31], and M4-ViteVQA[39] extend text-based VQA works to videos by proposing VQA

tasks that exclusively focus on question-answers that require systems to read the text in the videos.

Similar to these works that focus on text VQA on videos, our work proposes a new dataset where all
the questions need to be answered by watching driving videos and reading the text in them. However, in
contrast to NewsVideoQA which contains news videos where question-answer pairs are based on video
text (born-digital embedded text) appearing on news tickers and headlines, the text in videos in our
dataset is scene text. The text in the road or driving videos are subjected to blur, poor contrast, lighting
conditions and distortions. Text while driving goes by fast and tends to be heavily occluded. Often,
multiple frames needs to be combined to reconstruct the full text, or a good frame with readable text
needs to be retrieved. These difficulties made researchers focus on road-text recognition exclusively,
and there have been works that focus exclusively on the detection, recognition and tracking of road text
videos [68, 24]. On the other hand M4-ViteVQA contains varied type of videos such as sports videos,
outdoor videos and movie clips. A subset of these videos are driving videos. In contrast, our dataset
is exclusively for VQA on driving videos and contains at least three times more questions than in the
driving subset of M4-ViteQA. Additionally, questions in our dataset require both reading road text and
understanding road signs, while M4-ViteVQA'’s focus is purely on text-based VQA.

3.2 RoadTextVQA dataset

This section looks at the data collection and annotation procedure, data analysis, and statistics.
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Figure 3.2 Distribution of the number of words in the question(left) and answer(right) of RoadTextVQA

3.2.1 Data Collection

The videos used in the dataset are taken from the RoadText-3K[24] dataset and YouTube. The
RoadText-3K dataset includes 3,000 ten-second road videos that are well-suited for annotation because
they have a considerable quantity of text. The RoadText-3K dataset includes videos recorded in the
USA, Europe, and India and features text in various languages such as English, Spanish, Catalan, Tel-
ugu and Hindi. Each video contains an average of 31 tracks. However, the European subset is excluded
from the annotation process for RoadTextVQA as it is dominated by texts in Spanish/Catalan, and the
RoadTextVQA is designed specifically for English road-text. In addition to the videos from RoadText-
3K, additional dashcam videos were sourced from the YouTube channel J Utah'. 252 videos from the
USA and the UK were selected, and clips with a substantial amount of text were further selected by run-
ning a text detector over the video frames. Being a free and open-source text detector popular for scene
text detection, we went with EasyOCR[32] as our choice of text detector. The RoadText-3K videos
have a resolution of 1280x720 with a frame rate of 30 frames per second. The YouTube clips were
downsampled to the same resolution and frame rate of 1280X720 at 30fps to keep the data consistent.

Individuals who are proficient in the English language were hired to create the question-answer pairs.
To ensure the quality of the applicants, an initial training session was conducted, followed by a filtering
mechanism in the form of a comprehensive quiz. The quiz was designed to ensure that the question-
answer pairs were created by individuals who had a solid grasp of the English language and a good
understanding of the task, thereby enabling us to maintain a high standard of quality in the annotations.
The annotation process involved two stages, and a specifically designed web-based annotation tool was
used. In the initial stage, annotators add the question, answers and timestamp triads for videos shown to
them. All the questions have to be based on either some text present in the video or on any road sign. In
cases where a question could have multiple answers in a non-ambiguous way, the annotators were given

the option to enter several answers. The timestamp is an additional data point which is collected, and it

"https://www.youtube.com/@jutah
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what is written on the road in white block letters?

what is the speed limit on the road?

what is the name of the street?

what is the color of the word "stop"?

what is the name of the truck service?

what is the city speed limit?

one way is towards which side of the road?

what is the advisory speed limit?

what is the name of the bus service?

towards which side of the road is no turn?

° % © ® ® 100 Figure 3.4 Geographical distribu-

tion of videos in the RoadTextVQA

Figure 3.3 Top 10 questions in the dataset.
dataset.

is the aptest point in the video at which the question is answerable. The annotators were instructed to
limit the number of questions to not more than ten per video and to avoid asking any questions related
to the vehicle license plate numbers. If there were no possible questions that could be asked from the
video, then the annotators were given the option to reject it. In the verification stage, the video and the
questions are shown, and the annotators had to add the answers and the timestamps. We made sure that

verification is done by an annotator different from the one who has annotated it in the first stage.

Table 3.1 Comparison of average and maximum question and answer lengths with other text based

video question answering datasets.

Dataset Average Length Max Length

Question Answer Question Answer

M4-ViteVQA[102] 6.75 1.94 24 26
NewsVideoQA[31] 7.04 2.02 20 19
RoadTextVQA 10.78 1.45 33 8

The question is flagged and rejected if it is incorrect or does not follow the annotation guidelines.
If there are common answers in the annotation stage and verification stage for a question, then that
question is considered valid. All the common answers are considered valid answers to the question. In
the verification stage, additional data regarding the question-answers are also collected. The questions

are categorically tagged into two distinct classes. Firstly, based on the type of question— text-based or
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traffic sign-based. The second classification captures whether the answer for a question, i.e., the text

that makes up the answer, is present in the video or not.

3.2.2 Annotation Tool

We built upon the DocVQA and InfographicVQA annotation tools, extending its video data collec-
tion functionality. The tool, built using Django and SQLite, was enhanced with the Video.js library
for seamless video playback, improving the annotation experience for both users and annotators. Ded-
icated queues managed the data to be annotated and validated. Items assigned to users disappeared
from their queue and were automatically re-added if not annotated within three days. Further enhance-
ments included video timestamp collection and additional verification checks. These checks ensured

data accuracy by mandating checks like the selection of either ”Answer is a text present in the video” or

”Answer is a text not present in the video.”
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Figure 3.5 An analysis of the distribution of questions based on their starting 4 grams has shown that
a significant proportion of questions are aimed at obtaining the name and contact information of busi-

nesses located along roads, as well as obtaining the speed limit for the road.

14



800
700
600
500
400
300

No. of occurrences

200
100
0

O

oy, op Yeg Mo W, 5 S0 oy ley 2 Yo Sty <0 Sop. Oy Yy, 5 Ue. S ey g, Uy, 1p Yo 1 Wy Sty lo 259 S
Gy a Qs (o) /]’fe o) 0 Y, 4 0 o 0 c/,oo/ Qc,(, e &) ,@sq 8//0% U@)r 1‘007 /;7//@ 907"/51 2 /fe{%[‘ yofa ‘?‘96' offe@/v
7, %,

4 85'47

Answers

Figure 3.6 The number of occurrences of the answers in RoadTextVQA. The most recurring answer is

“right”, which makes up about 8% of the answers.

3.2.3 Data Statistics and Analysis

The RoadTextVQA dataset contains 3,222 videos and 10,500 question-answer pairs. Among the
3,222 videos, 1,532 videos are taken from the RoadText-3K dataset and the rest are from YouTube.
The data is randomly split into 2,557 videos and 8,393 questions in the train set, 329 videos and 1,052
questions in the test, and 336 videos and 1,055 questions in the validation set.

The videos for the test and validation sets were randomly chosen from the RoadText-3K split, as it
has ground truth annotations for text tracking. Methods that use OCR data can take advantage of the
accurate annotations provided by RoadText-3K.

We present statistics related to the questions in RoadTextVQA through Figure 3.2, and Figure 3.3.
Figure 3.3 shows the most frequent questions and their frequencies. “What is written on the road with
white block letters?” is the most recurrent, followed by questions regarding the speed limits on the roads.

Figure 3.5 provides a comprehensive overview of the question distribution in RoadTextVQA, with
the majority of the questions being centred around details of shops located along the road. Figure 3.2
depicts the word count in the questions and answers, respectively. The average number of words in
the questions in RoadTextVQA is 10.8, while the average number in the answers is 1.45. The average
number of words in questions is much higher when compared to other text-based VideoQA datasets, as
seen in Table 3.1. The percentage of unique questions stands at 86.6%, while the percentage of unique
answers is 40.7%. Figure 3.6 shows the top 30 answers and the number of occurrences. Figure 3.8, in
the form of a word cloud, illustrates the most frequently occurring answers and OCR tokens. The most
popular answers are “right”, “left”, “yes”, and “no”. The most prevalent OCR tokens in the videos are
“stop”, “only”, and “one way”. The distribution of the videos in the dataset based on the geographic
location where it was captured is shown in Figure 3.4. More than two-thirds of the videos in the dataset
are captured from roads in the USA.

The majority of questions are grounded on text seen in the video (61.8%), and the rest are based on

road signs. Road signs can also contain text, such as speed limit signs or interchange exit signs. 68% of
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Figure 3.7 The annotation tool features a dedicated workflow for adding and verifying annotations. The
top screenshot shows the Annotation Page, where users directly add annotations to the content. The
bottom screenshot features the Verification Page, allowing users to review annotations, add question

flags and types, and validate submissions to ensure correctness and consistency.
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Figure 3.8 A visual representation of word frequency in the form of a word cloud, depicting the distri-

bution of words in answers (left) and the distribution of OCR tokens from the videos (right).
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Figure 3.9 Distribution of number of videos vs number of tracks.

questions have answers that can be found within the text present in the video, while the remaining 32%

of questions require an answer that is not a text present in the video.

3.3 Baselines

This section presents details of the baselines we evaluate on the proposed RoadTextVQA dataset.
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3.3.1 Heuristic Baselines and Upper Bounds

We evaluate several heuristic baselines and upper bounds on the dataset. These heuristics and upper
bounds are similar to those used in other VQA benchmarks, such as TextVQA[76] and DocVQA[58].
The following heuristic baselines are evaluated: (i) Random Answer: performance when answers to
questions are randomly selected from the train split. (ii) Random OCR token: performance when
a random OCR token from the video is picked as the answer. (iii) Majority Answer: performance
when the most common answer in the train split is considered as the answer for all the questions. The
following upper bounds are evaluated (i) Vocab UB: the upper bound on predicting the correct answer
if it is present in the vocabulary of all the answers from the train split. (ii)) OCR UB: the upper bound
on performance if the answer corresponds to an OCR token present in the video. (iii) Vocab UB + OCR
UB: this metric reflects the proportion of questions for which answers can be found in the vocabulary
or the OCR transcriptions of the video.

3.3.2 M4C

The M4C[29] model uses a transformer-based architecture to integrate representations of the image,
question and OCR tokens. The question is embedded using a pretrained BERT[19] model. Faster R-
CNNJ[70] visual features are extracted for the objects detected and the OCR tokens in the image. The
representation of an OCR token is formed from the FastText[10] vector, PHOC[1] vector, bounding
box location feature, and Faster R-CNN feature of the token. A multi-head self-attention mechanism
in transformers is employed, enabling all entities to interact with each other and model inter- and intra-
modal relationships uniformly using the same set of transformer parameters. During answer prediction,
the M4C model employs an iterative, auto-regressive decoder that predicts one word at a time. The
decoder can use either a fixed vocabulary or the OCR tokens detected in the image to generate the

answer.

3.3.3 SINGULARITY

The architecture of SINGULARITY[39] is made up of three major components: a vision encoder
using ViT[21], a language encoder utilizing BERT[19], and a multi-modal encoder using a transformer
encoder[81]. The multi-modal encoder uses cross-attention to collect information from visual repre-
sentations using text as the key. Each video or image is paired with its corresponding caption during
the pretraining phase, and the model is trained to align the vision and text representations using three
losses (i) Vision-Text Contrastive: a contrastive loss that aligns the representations of vision and lan-
guage encoders, (ii) Masked Language Modeling[19]: masked tokens are predicted (iii) Vision-Text
Matching: using the multi-modal encoder, predict the matching score of a vision-text pair. We use the
SINGULARITY-temporal model, which is pretrained on 17M vision caption pairs[82, 38, 64, 74, 15, 4].
The SINGULARITY-temporal model contains a two-layer temporal encoder that feeds its outputs into
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the multi-modal encoder. SINGULARITY-temporal makes use of two new datasets named SSv2-
Template Retrieval, and SSv2-Label Retrieval created from the action recognition dataset Something-
Something v2 (SSv2)[28]. The pretraining is a video retrieval task using text queries. An additional
multi-modal decoder is added for open-ended QA tasks and is initialised from the pretrained multi-
modal encoder, which takes the multi-modal encoder’s output as input and generates answer text with
[CLS] as the start token.

3.3.4 Generativelmage2Text

GIT(Generativelmage2Text)[86] is a transformer-based architecture aimed at unifying all vision-
language tasks using a simple architecture pretrained on 0.8 billion image text pairs. GIT consists of an
image encoder and a text decoder and is pretrained on a large dataset of image text pairs. The image
encoder is a Swin-like[52] transformer based on the contrastive pretrained model, which eliminates the
need for other object detectors or OCR. As for the text decoder, the GIT uses a transformer with a self-
attention and feed-forward layer to generate text output. The visual features and the text embeddings
are concatenated and used as inputs to the decoder. GIT is able to gradually learn how to read the scene
text with large-scale pretraining and hence achieves SoTA performance on scene-text-related VQA tasks
such as ST-VQA. For video question answering, GIT employs a method of selecting multiple frames
from the video and separately embeds each frame with a learnable temporal embedding which is initial-
ized as zeros, and the image features are concatenated and used similarly to the image representation.
The question and the correct answer are combined and used in as a special caption, and the language

model loss is computed solely on the answer and the [EOS] token.

3.4 Experiments and Results

This section covers the evaluation metrics, the experimental setup, and the experiment results.

3.4.1 Experimental Setup

Evaluation metrics. We use two evaluation metrics to evaluate the model’s performance: Accuracy
and Average Normalized Levenshtein Similarity (ANLS)[9]. The Accuracy metric calculates the per-
centage of questions where the predicted answer exactly matches any of the target answers. If the ground
truth contains multiple answers, a prediction is considered correct if the prediction exactly matches any
of the ground truth answers. Unlike accuracy metric, which would give zero if a model makes a few
character errors during recognition, ANLS gives a score between 0.5 and 1, gently penalizing OCR
mistakes. The score was originally proposed to act softly on cases where the predicted answer differs
slightly from the actual. ANLS assigns a score of 0 if the normalized Levenshtein distance exceeds 0.5,
indicating that more than half of the answer is incorrect. Conversely, the ANLS score for the predic-

tion is determined by taking one minus the normalized Levenshtein distance. In cases with multiple
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predictions, the highest ANLS score from the prediction-ground truth pair is selected as the final ANLS

Score.

OCR transcriptions. The ground truth annotations were utilized for the videos in the RoadText-
3K set, while for the remaining videos, the OCR transcriptions were sourced using the Google Cloud
Video Intelligence API. Both RoadText-3K ground truth annotations, and the Google API provide text
transcriptions at the line level. We use the line-level text transcriptions as the OCR tokens for the
calculation of OCR upper bounds and OCR-based heuristics as given in the Table 3.2. When a text track
gets cut off from the frame or partially occluded by other objects in a video, the Google Cloud Video
Intelligence API treats it as a new track, whereas RoadText-3K annotations ignore the partially occluded
tracks. This is why in the Figure 3.9, the number of videos vs the number of tracks is a bit inflated for
the YouTube clips when compared to RoadText-3K clips.

Experimental setup for M4C. The M4C[29] model is trained using the official implementation,
and the training parameters and implementation details remain consistent with those used in the orig-
inal paper. We used a fixed vocabulary of size 3926 generated from the train set. The training data
consists of image question-answer pairs where the image selected for training is the one on which the
questions are based, specifically the timestamp frame. After training, the model is evaluated using two
approaches. Firstly, it is tested on the timestamp QA pairs of the test set, and secondly, it is evaluated
on the video level by sampling ten frames from the respective video for each QA pair and obtaining
the model prediction for every frame individually. The final answer is determined by taking the most

common answer from the ten individual frame predictions.

Experimental setup for SINGULARITY. We fine-tuned the pretrained SINGULARITY-temporal
17M model on four NVIDIA Geforce RTX 2080 Ti. The fine-tuning process was run for 20 epochs
with a batch size of 16, starting with an initial learning rate of 1e-5 and increasing linearly in the first
half epoch, followed by cosine decay[54] to 1e-6. The other parameters used for training are the same
as the official implementation. The video frames were resized to 224x224, and a single frame with
random resize, crop and flip augmentations were utilised during training, whereas 12 frames were used
during testing. Additionally, we fine-tuned the SINGULARITY model, which has been pretrained on
the MSRVTT-QA[91] dataset.

Experimental setup for GIT. The training process for GIT was carried out using a single Tesla T4
GPU for 20 epochs with a batch size of 2. We use an Adam[37] optimizer with an initial learning rate
starting at le-5 and gradually decreasing to 1e-6 through the use of cosine decay. The GIT model was
trained using the official VideoQA configuration used for MSRVTT-QA training. We fine-tuned the
pretrained GIT-large model on our dataset, using six frames that were evenly spaced as inputs during
both training and testing. In addition, we further fine-tuned the GIT model that was pretrained on the
MSRVTT-QA[91] dataset.

20



Table 3.2 Performance of various heuristic baselines and upper bounds that are commonly evaluated on

text-based VQA datasets.

Baseline Test

ANLS Acc.(%)

Random Answer 0.09 0
Random OCR token  3.20 1.98

Majority Answer - 3.49
Vocab UB - 59.26
OCR UB - 36.67
Vocab + OCR UB - 76.18

3.4.2 Results

Heuristic baselines and upper bound results are presented in the Table 3.2. The heuristic baselines

yield very low accuracy, which indicates the absence of any bias due to the repetition of answers.

Random OCR heuristic gives close to 2% accuracy, meaning that there is enough text present in
the video that selecting a random OCR from the video will not yield high accuracy. The OCR upper
bound is 36.6% which is low when compared to the percentage of questions which have the answers
present in the video. The low OCR UB can be attributed to how the text detection and how ground truth
annotation is done. The response to a question may be split into multiple lines within the video, leading
to the representation of the answer as separate tokens in the OCR output. This happens because the
annotations in the OCR process were carried out on a line level. From the upper bound result of Vocab
+ OCR UB, we can see that more than three-quarters of the answers are present in either the vocabulary
or in the OCR tokens of the video.

Table 3.3 Performance of RoadTextVQA on M4C. Abbreviations- TB: text-based questions, RSB: road
sign-based questions, AP: questions where the answer is present in the video, ANP: questions where the

answer is not present in the video.

Test Frames TB RSB AP ANP All

ANLS Acc. (%) ANLS Acc. (%) ANLS Acc. (%) ANLS Acc. (%) ANLS Acc. (%)

1 35.28 29.27 55.49 49.46 37.55 29.70 63.85 63.19 44.22 38.20
10 23.92 21.48 42.83 38.32 20.38 15.96 67.12 66.91 32.27 28.92
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Table 3.4 Performance of RoadTextVQA on SINGULARITY and GIT. Abbreviations- TB: text-based
questions, RSB: road sign-based questions, AP: questions where the answer is present in the video,

ANP: questions where the answer is not present in the video.

Method Pretrain Data TB RSB AP ANP All

ANLS Acc. (%) ANLS Acc. (%) ANLS Acc. (%) ANLS Acc. (%) ANLS Acc. (%)

SINGULARITY - 15.38 14.04 45.29 33.04 17.36 9.22 61.71 61.33 28.62 22.45
SINGULARITY MSVRTT-QA 17.25 15.22 47.84 36.46 19.50 11.50 63.98 63.19 30.79 24.62
GIT - 18.09 14.38 50.36 39.82 20.98 12.16 65.65 65.05 32.34 25.61
GIT MSRVTT-QA  22.61 19.62 51.20 42.18 23.40 15.96 69.93 69.51 35.23 29.58

The results on M4C are shown on Table 3.3. The frame level results, where we evaluate on the

timestamp frame, show an accuracy of 38.20% and the video level results, where we evaluate on ten
frames, give an accuracy of 28.92%. The results show that answering the question is still a challenging
task, even when we reduce the complexity of the problem by providing the aptest frame for answering
the question and ground truth OCR tokens.
We show the results after fine-tuning on SINGULARITY and GIT in Table 3.4. The accuracy of the
questions requiring answers to be extracted from the video (AP) is comparatively lower, while the accu-
racy of the questions where the answer is not present in the video is comparatively higher. Compared to
AP, ANP is less complex to answer because it involves a fixed set of answers. In contrast, AP requires
dynamic extraction from OCR tokens, resulting in the ANP set having better accuracy than AP. Addi-
tionally, fine-tuning the model that has been pretrained on the MSRVTT-QA dataset shows improvement
in accuracy across all categories(TB, RSB, AP, and ANP).

Fine-tuning GIT results in better performance compared to SINGULARITY. GIT also shows a simi-
lar trend when fine-tuned on pretrained MSRVTT-QA dataset. The “answer is present in the videos(AP)”
subset has an improvement of 3.9% in accuracy when compared with SINGULARITY, whereas the “an-
swer is not present(ANP)” in the videos subset has a gain of 6.3%. M4C tested on a single frame shows
better results compared to VideoQA models. This can be attributed to the fact that we explicitly provide
the OCR tokens and the correct frame on which the question is framed to the model. M4C tested on ten

frames gives comparable results to GIT.

We show some of the qualitative results in Figure 3.10. As the complexity of the scene and the
obscurity of the scene text increase, it becomes more and more difficult for the model to predict the
correct answer. VideoQA baselines achieve better results on questions that do not require the extraction

of answers from the video.
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Q: About what building does the yellow sign board and
the writing on the road warn about?

Ground Truth: [ school]

M4C: school

SINGULARITY: school

GIT: school

Q: What is the name of the fuel retail outlet on the right?
Ground Truth: [ valero]

M4C: valero

SINGULARITY: mcdonald's

GIT: exxon

Q: Which is the airport that one can reach if they go
straight ahead from the traffic intersection?
Ground Truth: [ rgi airport ]

M4C: mehd patnam rgi airport

SINGULARITY: terminal

GIT: kennedy airport

Figure 3.10 Qualitative results showing predictions of M4C, SINGULARITY and GIT. The correct

predictions are highlighted in green, whereas the incorrect ones are highlighted in red.

3.5 Contextualizing Our Work in the LLM Era

Large language models and Vision language models have significantly transformed the landscape of
natural language processing and computer vision. The M4C[29] model is inspired by a transformer, and
BERT][ 19] architectures are only meant to work on VQA tasks. Different from these models, GPT3[11],
LLaMA[80], and LLaVA[49] are pre-trained on a huge amount of data and show impressive zero-
shot performance in a variety of tasks using prompts. Vision LLMs like GPT4”, and LLaVA[49] have
demonstrated remarkable proficiency in understanding and generating language contextualized by visual
input.

Recent advancements in video understanding have led to the development of several sophisticated
models that integrate large language models (LLMs) with video analysis capabilities. Video-LLaMA[99],
Video-ChatGPT[56], and Video-LLaVA[48] are some of the recent works. These models leverage the
power of LLMs to provide more nuanced and context-aware interpretations of video content. Video-
LLaVA utilizes a unique combination of visual feature extraction and language model integration to
tackle video question-answering (VideoQA) tasks. It uses models like CLIP[66] to encode frames and
aligns these with textual queries to enhance performance in temporal and causal reasoning. Video-
ChatGPT[56] and Video-LLaVA[48] similarly enhance video comprehension by integrating advanced
visual encoders and language models. Video-LLaVA uses models like CLIP to encode frames and aligns

these with textual queries to enhance performance in temporal and causal reasoning.

Zhttps://openai.com/index/gpt-4/
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Our dataset builds upon this foundation by specifically addressing the need for reading and under-
standing text in driving videos. Unlike earlier datasets that primarily focused on the visual attributes
of scenes or objects, our dataset emphasizes the critical task of text recognition and comprehension in
dynamic environments requiring models that can dynamically interpret and integrate information across
multiple frames. This focus aligns with the advancements brought forth by models like Video-LLaMA,
Video-ChatGPT, and Video-LLaVA, which blend temporal video analysis with sophisticated language
understanding to tackle complex VQA tasks. Although the work conducted in this chapter predates the
introduction of Vision LLMs, our findings remain relevant as it establish a benchmark for Vision Lan-
guage Models, particularly in their capacity to comprehend and interpret text and visual cues in driving

videos.

3.6 Summary and Future work

In this chapter, we look at RoadTextVQA, a new Video Question Answering dataset and its asso-
ciated task, where the questions are grounded on the text and road signs present in the road videos.
We offer a thorough comparison of our dataset with other datasets. We evaluate different models, in-
cluding M4C, Singularity, GIT and many heuristic baselines. Our findings from the baseline models’
performance indicate a need for improvement in existing VideoQA approaches for text-aware multi-
modal question answering. Currently, there are no Visual Question Answering models that explicitly
incorporate road signs. Models can integrate road signs as an additional input or pretrain on road sign-
description pairs to enhance their ability to respond to questions that require domain knowledge. We
believe this work would encourage researchers to develop better models that incorporate scene text and
road signs and are resilient to the challenges posed by driving videos. Additionally, drive further re-

search in the area of scene text VideoQA and the development of advanced in-vehicle support systems.
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Chapter 4

Evaluating the current state of RoadText Detection, Tracking and

Recognition

Figure 4.1 Sample frames from RoadText-1K illustrating the various challenges and artifacts like glare,

raindrops, out-of-focus, low contrast, and motion blur often encountered in driving videos.

4.1 Introduction

Text in driving videos exhibits a multifaceted complexity. Unlike their static counterparts, road signs,
billboards, and other textual elements are subject to camera motion, varying lighting, occlusions, diverse
scales, orientations, and fonts. The text’s sheer volume and heterogeneity also necessitate adaptive and
robust algorithms that interpret standardized road signage and non-standard text formats. Accurately
detecting, tracking, and recognizing text amidst these challenges unlocks many opportunities for au-
tonomous driving, traffic monitoring, and accessibility applications. The last text-tracking competition
occurred nearly a decade ago and introduced the Text in Videos[34] dataset, which comprises 51 egocen-
tric videos encompassing indoor and outdoor scenarios. The USTB-VidTEXT[79] and YouTube Video
Text(YVT)[63] datasets contain videos sourced from YouTube. The USTB-VIidTEXT dataset primarily
consists of text in the form of overlaid captions, whereas the YouTube Video Text dataset includes both
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born-digital text and scene text. These datasets contain videos with text that are incidental and widely

dispersed across the scene.

Compared to the previous Robust Reading Challenge on text detection in videos, the ICDAR 2013-15
Text-in-Videos Challenge, the RoadText-1K[69] dataset used in our competition is significantly larger
and more diverse. Specifically, the RoadText-1K dataset contains 1000 10-second driving videos, which
is 20 times larger than the ICDAR 2013 dataset. The text objects in driving videos typically have short
lifetimes, which require models tolerant to occlusions, able to handle tiny text instances, and robust to
motion blur and significant perspective distortions. Additionally, text instances may not be fully readable
in any single frame, necessitating the combination of detections across various frames to transcribe them
successfully. Furthermore, camera movement during driving introduces distortions, such as motion blur
caused by vehicle movement. As a result, approaches developed on existing text-centric datasets tend
to be challenging to adapt to real-world applications, such as driver assistance and self-driving systems.

The competition aimed to provide a robust benchmark and platform for researchers and developers to
evaluate and refine their text-processing algorithms in a realistic driving video setting. The competition
attracted multiple participants, showcasing the immense potential of computer vision and deep learning
in tackling this complex task. This report delves into the performance of the submissions, analyzing their
strengths and weaknesses. The Robust Reading Competition (RRC)' portal serves as the host platform
for the Challenge. Submissions are assessed through automated methods, and the outcomes depicted
in this chapter represent the state of submissions at the conclusion of the RoadText 2023 Challenge.
However, the challenge will remain open to accept new submissions that are not considered part of the

official competition.

Table 4.1 Comparison of RoadText-1K with existing text video datasets.

Dataset Text in Videos [34] USTB-VIidTEXT [79] YouTube Video Text [63] RoadText-1K [69]
Source Egocentric Youtube Youtube car-mounted
Size (Videos) 51 5 30 1000
Length (Seconds) varying varying 15 10
Resolution 720 x 480 480 x 320 1280 x 720 1280 x 720
Annotated Frames 27,824 27,670 13,500 300,000
Total Text Instances 143,588 41,932 16,620 1,280,613
Text type Scene Text Digital (captions) Scene Text and Digital Scene Text
Unique Words 3,563 306 224 8,263
Avg. text frequency per frame 5.1 1.5 1.23 4.2
Avg. Text Track length 46 161 72 48

"https://rrc.cve.uab.es/2ch=25
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4.2 The RoadText-1K Dataset

The RoadText-1K[69] dataset comprises 10-second video clips extracted from the BDD100K[95]
dataset. The videos are 720p and 30 fps, and capture diverse locations, weather conditions (such as
sunny, overcast, and rainy), as well as different times of day. To identify videos with a significant
number of text instances, an off-the-shelf text detector was utilised to scan through the frames of the
videos in BDD10OK. The dataset was randomly partitioned into train, validation and test sets of 500,
200 and 300 videos, respectively. The bounding boxes and their transcriptions are provided at line level
for all the frames in the dataset. The tracks are classified into English, Non-English, and Illegible. In
the English category, it further distinguished between English text and license plate text. In contrast to
most scene text datasets, text lines rather than individual "words” (separated by spaces) were annotated
to expedite annotation and avoid ambiguity in cases involving numbers or abbreviations. License plates

are separately tagged in the ground truth.

4.3 RoadText-1K Challenge

4.3.1 Evaluation Metrics

The evaluation is based on an adaptation of the CLEAR-MOT [6, 59] and DukeM-TMC[72] frame-
work, designed to track multiple objects. Each approach is evaluated using three different metrics,
namely Multiple Object Tracking Precision (MOTP), Multiple Object Tracking Accuracy (MOTA), and
IDF]1 score. Additionally, the number of objects tracked for at least 80 percent of their lifespan is noted
as "Mostly Matched,” while those tracked between 20 and 80 percent of their lifespan are “Partially
Matched,” and those tracked for less than 20 percent of their lifespan are categorised as ”Mostly Lost.”.
MOTA metric will be used to rank the submissions. During the evaluation process, a predicted word
is classified as a true positive if its intersection over union with a ground-truth word is greater than 0.5

and the word recognition is correct. The assessment of word recognition is case-insensitive and is only

done for English category tracks. Leading and trailing spaces are disregarded, and instances of two or

Figure 4.2 These are sample frames from clips in RoadText-1K, and they have annotations indicating
the location and transcription of the text overlaid on them. The boxes that are colored green indicate

English text, the ones in blue represent non-English text, and the red boxes represent illegible text.
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more spaces are treated as a single space. The recognition of punctuation marks at the start or end of a
ground truth word is discretionary and does not influence the evaluation. The evaluation process will not
consider areas that contain illegible or non-English legible text. As a result, if a method fails to detect
such words, it will not be penalised. Similarly, a method that is successful in detecting such words will
not receive a higher score. Even though we only have a single end-to-end task we also provide results

of detection and tracking without taking recognition into account.

> (my + fpe + mmy)
Zt gt

MOTA =1 —

MOTA measures overall tracking performance, considering both false positives, missed detections, and
mismatches. Where ¢ represents a frame in the video sequence, m; denotes the number of missed objects
in frame ¢, fp; denotes the number of false positives in frame ¢, mm; denotes the number of mismatches

(incorrect ID assignments) in frame ¢, g; denotes the total number of ground truth objects in frame ¢.

Zi,t dz}t
Dot

MOTP measures localization accuracy of tracked objects. it is calculated as the average overlap score

MOTP =

(di+) between estimated and ground truth bounding boxes across all tracked objects ¢ and frames ¢,
divided by the total number of correctly identified and localized objects (c;) in each frame ¢. Higher

MOTP indicates better localization precision.

2xIDTP
2xIDTP+IDFP+IDFN
IDF1 measures the ratio of correctly identified detections to the average number of ground-truth and

IDF1 =

computed detections. Unlike MOTA, IDF1 focuses on the duration for which the tracker correctly
identifies an object rather than simply counting errors. The global assignment is determined using the
Hungarian algorithm, which selects the best combination of prediction and ground truth to maximize
the IDF1 score for the entire video. IDTP is the number of correctly identified detections. IDFP is the
tracker predictions that don’t match any ground truth. IDEN is the Ground truth trajectories that aren’t
tracked.

4.3.2 Submitted Methods

The challenge received a total of 16 submissions, out of which 6 were unique. A brief description of

the 6 submitted methods is provided below:
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ClusterFlow - ClusterFlow benefits from merging multiple algorithms, including optical character
recognition (OCR), optical flow, clustering, and decision trees. The approach involves using a cloud API
to extract OCR results at the line level for every image frame of each video, followed by calculating a
dense optical flow field using a modern RAFT implementation. The optical flow field is then used to
temporally extend the OCR line results to generate tubes or tracklets of lines, which are then grouped
into clusters across the entire video using an unsupervised clustering algorithm. To achieve this, the
algorithm searches for the optimal distance metric between tracklets, clustering algorithm, and hyperpa-
rameters using the training dataset. Once the tracklets are clustered, the algorithm selects geometry and
text from the tracklet to create tracked lines that appear at most once within any video frame. This is
accomplished by generating a set of features from each line appearance, tracklet, and cluster, which are
then inputted into a classification algorithm. The classification algorithm is trained to select the appear-
ances of the cluster that match the ground truth in the training set. During inference, the classification

probabilities are used to choose the most suitable line text appearance within a cluster at any video frame.

TH-DL - The TH-DL method provides an integrated approach for text detection, recognition, and
tracking in driving videos. For text detection and recognition, the algorithm adopts TESTR[100] based
on Transformer and finetunes the pre-trained TESTR model on the training set of the Roadtext Chal-
lenge. For multi-object tracking, ByteTrack[101] is employed, which uses similarities with tracklets
to recover true objects from low-score detection boxes. A post-processing module is included to filter

duplicate instances of text detection and recognition.

TencentOCR - TencentOCR integrates the detection results of DBNet[46] and Cascade MaskRCNN[12],
built with multiple Backbone architectures, with the Parseq[5] English recognition model for recogni-
tion and further improves the end-to-end tracking with OCSort. The result is end-to-end tracking and

trajectory recognition.

TransDetr - The method used in this submission is TransDETR[89]. The approach involves pre-
training the network weights on the ICDAR2015 video[33] and fine-tuning the network on the RoadText-
3K[23] and BOVText[90] datasets for 20 epochs each. Finally, the network is fine-tuned on the RoadText-
1K dataset for 20 epochs.

RoadText DRTE - EasyOCR[32] is used to perform the subtasks of detection and recognition on the
RoadText-1K[69] dataset. The algorithm uses the CRAFT[3] algorithm for detection and the CRNN[75]
model for recognition. Once the video is processed frame by frame, the algorithm performs the tracking
subtask by assigning a unique ID to each unique transcription in the video. Instances of the same unique

transcription are assigned the same ID throughout the video.
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Figure 4.3 The chart illustrates the results for text detection and tracking, with MOTA, MOTP, and IDF1

represented by blue, red, and yellow bars, respectively.

Table 4.2 Results of RoadText video text detection, tracking

Method MOTA  MOTP IDF1 Mostly Matched  Partially Matched  Mostly Lost
TransDETR 3753  74.18% 60.27% 1665 1762 1563
ClusterFlow 36.01 70.29% 61.19% 1757 1194 2029
TH-DL 31.07  7520% 62.35% 2180 1495 1317
TencentOCR 16.40  66.59% 42.58% 746 894 3231
SCUT-MMOCR-KS -10.27 71.84% 56.91% 2354 1660 978
RoadText DRTE -27.61  70.46% 17.42% 1083 1692 2214

SCUT-MMOCR-KS - This submission utilizes DBNet++[47] for text detection, which is first pre-
trained on a collection of TextOCR, HierText[53], DSText, YVT[63], ICDAR2015-Video[33], and
Minetto before being fine-tuned on DSText. For text recognition, a ViT-based[20] recognizer is used,
which is pre-trained on 10M unlabeled real STR LaTex/images/tracking and fine-tuned on 4M labelled
real STR LaTex/images/tracking. CoText tracking module is used for text tracking.
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Figure 4.4 The chart illustrates the results for text detection, tracking and recognition, with MOTA,

MOTP, and IDF1 represented by blue, red, and yellow bars, respectively.

Table 4.3 Results of RoadText video text detection, tracking and recognition

Method MOTA  MOTP IDF1 Mostly Matched  Partially Matched  Mostly Lost
ClusterFlow 11.09  69.04% 48.07% 1392 920 2668
TH-DL -23.10  72.83% 37.34% 1235 737 3020
TencentOCR -23.87  56.19% 19.71% 315 454 4102
TransDETR -28.50  68.74% 26.87% 660 741 3589
RoadText DRTE -61.39 6547% 12.08% 146 823 4020
SCUT-MMOCR-KS -77.1  67.83%  29.6% 1196 918 2878

4.3.3 Analysis

The results of the evaluation are presented in Table 4.2 and Table 4.3, with the first one focusing
on text detection and tracking and the second one displaying text tracking results with recognition.
In the absence of recognition, the method with the highest MOTA score was TransDETR, while TH-
DL achieved the highest MOTP score and IDF1 score for text tracking. However, in the presence of
recognition, ClusterFlow is the winner of the competition and the only method with a positive MOTA
value and also achieved the highest IDF1 score, while TH-DL maintained its position for the highest
MOTP value. Compared to TESTR, ViT-based, and Parseq methods used for recognition, the commer-
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(i) Ground Truth

{ii) ClusterFlow

(iii) TH-DL

(iii) TencentOCR

Figure 4.5 Sample visualisation of the detected text and the recognition are shown for the ground truth
and the top three methods. Green bounding boxes are drawn over detected text, and the recognised text

is displayed over the bounding box.
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cial Google OCR performs better. In the evaluation process, predicted words are only considered true
positives when they match the ground truth. This means that if the recognition fails to identify a word,
the corresponding track will be considered a false positive, leading to negative MOTA values. Text that
appears in a frontal or head-on position is relatively easy to detect. However, other text detection meth-
ods appear to struggle when presented with text instances such as fancy shop signage or text situated on
distant portions of the road beyond the driver’s lane.

The methods utilized various approaches and strategies to enhance the effectiveness of their methods.
These include pre-training and fine-tuning models on diverse datasets, implementing post-processing
steps like filtering out repeated text detection and recognition instances to improve outcomes and merg-
ing multiple algorithms and methods. Despite these efforts, the detection, tracking, and recognition still
have significant room for improvement, particularly recognition in challenging scenarios presented by
the dataset.

4.4 Summary

We present the analysis and results of the RoadText challenge in this chapter. Unlike previous text
video tracking challenges, our challenge involves more complex scenarios, including driving videos not
originally designed for text recognition. This adds a new level of complexity to the task, as these videos
are much more realistic and present new challenges for text recognition systems. The report summa-
rizes the unique features of the RoadText-1K dataset, detailing why it is particularly challenging and
different from previous datasets. Additionally, it provides an analysis of the submissions. The RoadText
challenge will remain open for new submissions in the future, providing a platform for researchers to

benchmark and showcase their methods.
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Chapter 5

Occluded RoadText

Occluded RoadText Other datasets

.._.........
.

Figure 5.1 Instances of occluded text from the Occluded RoadText dataset (left) are compared with
instances of occluded text from another dataset (right). The occlusions in our dataset represent real-life
scenes, whereas the occlusions in the other datasets are manually created and are less representative of

real-life scenarios.
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5.1 Introduction

The rapid advancement in computer vision and deep learning has impacted automated driving, aug-
mented reality, and information retrieval. However, robust scene text detection and recognition, particu-
larly in the presence of occlusions, pose a significant challenge. This difficulty is of practical importance
in interpreting real-world environments. The task is not only challenging but also holds a substantial
impact in various real applications.

Scene text often appears in unstructured environments with varying degrees of occlusion, making
its detection and recognition a complex task. This complexity is often amplified in urban landscapes,
where texts on signs, billboards, and storefronts are frequently partially obscured by objects, lighting
conditions, or angles. In Occluded RoadText we focus on scene text seen during driving. The existing
datasets[88, 67, 26] for occluded scene text often suffer from a significant limitation: their occlusions
are predominantly manually created, diverging considerably from the complexities and unpredictability
encountered in real-life scenarios. This artificiality in the creation of occlusions can lead to a gap
between the model’s performance in controlled, experimental settings and its efficacy in real-world
applications. In reality, occlusions can arise from a multitude of sources, including natural elements,
urban infrastructure, dynamic crowd movement, and more. Each source presents unique challenges in

terms of shape, size, texture, and positioning relative to the text.

‘ Supplementary image 1 ‘ Test image Supplementary image 2 ‘

Figure 5.2 Cropped out test image in the middle and the additional images on the left and right help to

recognize occluded text.

To address these challenges, we introduce the Occluded RoadText dataset, focusing on scene text
seen while driving. It comprises of 1,019 images with 3,659 instances of occluded text. These images
were captured using side-mounted car cameras in India, providing a diverse and realistic set of occlusion
scenarios. The typical scene text detection evaluation consists of two tasks: (i) Text localization, which
involves locating all text instances within an image, and (ii) End-to-end recognition, which involves

both localizing and recognizing the text. Additionally, we introduce a new task called “Multi-Image
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Figure 5.3 The label studio annotation tool is used to segment the video timeline to extract the occluded

sections from the larger clip.

End-to-End Recognition,” where two supplementary images of the same scene but from different angles
are provided to aid in recognition. We evaluate our dataset using the TESTR[100] baseline and report
the results. Additionally, the benchmark for evaluation is hosted at https://rrc.cvc.uab.es/
?ch=29. Custom metrics are calculated to evaluate the methods and rank them based on how well they

localize and recognize occluded texts.

5.2 RoadText Occluded Dataset

5.2.1 Data Collection

The images are extracted from videos captured in India using side-mounted cameras on a car, with
cameras positioned on both sides. The recorded footage was subsequently edited into shorter 2-minute
clips. Annotators were then tasked with identifying segments of text where at least one instance of text
was obscured. These segments include at least one track where text is consistently hidden throughout
the clip, while all characters in the track are visible at some point in the video. It is important to note
that the occluded track must be in English. The annotation process employed the label studio tool for
this initial phase.

After the initial annotation, the next stage involved annotating polygons and transcribing the text
using the CVAT tool. A single image from the set was chosen, and all the text instances were annotated

using polygons. The text instances were also categorized during annotation into four groups: (i) Oc-
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Figure 5.4 Screenshot of CVAT used for text instance annotation and tracking. This includes transcript

labelling, bounding box creation, and instance-level tracking.

cluded English: English text instances that are occluded, (ii) English: English text instances that are not
occluded and are easily recognizable, (iii) Non-English: Texts that are not in English, and (iv) Illegible:
Text that is unreadable even to human annotators. Text transcriptions were collected only for English
and Occluded English. Additional information was collected on how the occluded text can be recog-
nized, with categories including Occluded Visible where the text is occluded but visible in another text
instance, Occluded Inferable where the occluded text can be inferred from visual cues, and Occluded
Indeterminate where the occluded text can only be inferred using supplementary images. Two additional
images were selected from the video as supplementary images, and they are different from the annotated
image. One of the supplementary image comes before the annotated image, and the other one comes
after the annotated image.

5.2.2 Data Statistics and Analysis

The Occluded Road dataset contains 1,019 images, with a total of 35,261 text instances. Each
image contains at least one instance of occluded text. Out of the 1,019 images, 202 images belong to
the validation set, and the remaining 817 images belong to the test set. The split is done randomly.

Figure 5.6 shows the distribution of the different categories of text. Out of the 35,261 instances,
16, 641 are illegible, 10,077 are in English, 4, 884 are Non-English, and 3,659 are Occluded English.
Transcription is only available for both English and Occluded English categories. In the test set, the
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‘ (i) Occluded visible ‘ ‘ (ii) Occluded inferable ‘ ‘ (iii) Occluded indeterminate

Figure 5.5 An illustration depicting various types of occlusions. On the left, both "ZBOMBAY” and
"READYMADES” are occluded but visible in another text instance, falling into the ”Occluded Visible”
category. In the middle, "SAMSUNG” is occluded but can be inferred from the visual color and the
font, categorizing it as ”Occluded Inferable.” On the right, the occluded text is unrecoverable(Occluded

indeterminate) without the assistance of additional information, such as supplementary images.

occluded text is further categorized. 387 instances belong to occluded visible, 264 instances belong to

occluded inferable, and 2286 instances belong to occluded indeterminate.

Each image contains an average of 34 text instances and 3 instances of occluded text. The images are
dense in text since they are captured from roadsides, and they contain a lot of signboards, shop signage,
and advertisements. The word cloud of the transcriptions is shown in Figure Figure 5.7.

5.3 Baseline: TESTR

The TExt Spotting TRansformers(TESTR)[100] model, is an end-to-end framework designed for text
spotting. It is a generic text spotting framework using Transformers for text detection and recognition
in various environments. TESTR utilizes a single encoder and dual decoders for joint text-box control
point regression and character recognition. Notably, it is free from Region-of-Interest operations and
heuristics-driven post-processing procedures. TESTR is particularly effective for dealing with curved
text boxes, where it addresses the need for adapting traditional bounding-box representations. Key
components of TESTR include Multi-Scale Deformable Attention, which leverages multi-scale feature
maps to handle small text instances, Dual Decoders for text detection and character recognition, and
Box-to-Polygon Detection, which represents text instances using Bezier curves or polygons, making it

suitable for arbitrarily-shaped text.
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5.4 Experiments and Results

This section covers the evaluation metrics, the experimental setup, and the experiment results.

5.4.1 Experimental Setup

Evaluation Metrics: For text localization and end-to-end recognition, we calculate precision, recall,

and F1 score. Additionally, recall is calculated for occluded text instances and subcategories of Oc-

cluded English. We calculate a customized F1 score with the recall of Occluded English categories and

overall precision. Our approach prioritizes localizing and recognizing occluded text while minimizing
false positives. In text localization, the condition for a ground truth (gt) and a prediction (pred) to match
is if the Intersection over Union (IoU) of gt and pred is greater than 0.7. In end-to-end recognition,

both IoU greater than 0.7 and transcriptions should match if transcriptions exist for the ground truth.

We calculate the possible set of matches and then optimize to maximize the true positives. The illegible
category is treated as ’don’t care” and is filtered out from detections. This means that a method will

not be penalized if it fails to detect any illegible words, while a method that does detect them will not

receive a higher score.

Experimental setup for TESTR: We evaluate the images using the TESTR[100] model, which
has been fine-tuned on the CTW1500[98] dataset with polygonal annotations. The CTW1500 dataset

includes annotations at the line level and encompasses a variety of horizontal and multi-oriented text.

We filtered out predictions with scores lower than 0.3 before evaluation.

Non English
Occluded English

13.9%
10.4%

28.6%

47.2%

lllegible

English

Figure 5.6 Distribution of categories of text instances.
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5.4.2 Results

Occluded Overall
F-score | Recall | Precision | Recall | F-score
32.49% | 23.39% | 53.16% | 28.27% | 36.91%

Table 5.1 Performance of TESTR on text localization task

Occluded Overall Occluded Subcategory Recall
F-score | Recall | Precision | Recall | F-score | Occluded Visible | Occluded Inferable | Occluded Indeterminate
442% | 2.45% | 22.66% | 12.05% | 15.73% 3.10% 4.92% 2.06%

Table 5.2 Performance of TESTR in end-to-end recognition task

The results on TESTR are shown in Table 5.1 and Table 5.2. Table 5.1 summarizes the performance

of our text localization model under occluded and general conditions. The F-score for the occluded

scenario is 32.49%, indicating the model’s balanced performance considering both precision and recall.

For the overall performance, the model’s F-score is marginally higher at 36.91%, with a recall of 28.27%

and a precision of 53.16%. The recall of occluded categories is lower when the match is calculated with

an IoU of 0.7 compared to the overall recall. When matching is done with an IoU greater than 0.5, the

Figure 5.8 Qualitative results showing predictions of the TESTR model
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overall recall (40.02%) and occluded recall (40.01%) were similar. This suggests that in most occluded
cases, only one part of the occluded text is detected, and it’s mostly the larger part.

Table 5.2 details the performance of TESTR on the end-to-end recognition task. For the occluded
scenario, the model achieves an F-score of 4.42% and a recall of 2.45%. These results indicate a sig-
nificant challenge in recognizing text when occlusion is present, with low recall suggesting the model
struggles to detect and correctly recognize most occluded text instances. Additionally, we calculate re-
call metrics for three subcategories within the occluded category: Occluded Visible, Occluded Inferable,
and Occluded Indeterminate. The recall values are 3.10%, 4.92%, and 2.06%, respectively, highlighting
varying degrees of difficulty in recognizing text depending on the level and nature of occlusion.

Some test results are visualized in Figure 5.8. Text localization is easier for small degrees of oc-
clusion where the occluding object is typically small. The model is also able to recognize correctly
when a character is only partially occluded, as seen in Figure 5.8 on the bottom right, but fails when the

character is completely occluded, as seen in Figure 5.8 on the bottom left.

5.5 Summary

The chapter discusses the challenges and advancements in scene text detection and recognition, par-
ticularly in conditions where text is partially obscured. This is important for applications in automated
driving, augmented reality, and information retrieval. Despite significant progress in computer vision
and deep learning, robust scene text detection and recognition remain challenging, especially when var-
ious elements in real-world environments partially obscure text. The chapter introduces the Occluded
RoadText dataset, which consists of 1,019 images capturing over 3,659 instances of occluded text from
side-mounted car cameras in India. This dataset presents a diverse and realistic set of occlusion sce-
narios encountered while driving. Additionally, a new "Multi-Image End-to-End Recognition” task is
introduced, providing supplementary images of the same scene from different angles to assist in text
recognition. The Occluded RoadText dataset is evaluated using the TESTR baseline, and the results are

benchmarked on an evaluation platform hosted on the Robust Reading Competition website.
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Chapter 6

Conclusions

In this thesis, we examine the crucial role of textual information in ensuring safe and efficient nav-
igation in driving scenarios. Text on road signs, billboards, and advertisements provides drivers with
essential information that guides their behaviour and helps them avoid potential hazards. Despite its
importance, current Advanced Driver Assistance Systems (ADAS) have mainly overlooked the need to
read and understand this textual information, focusing primarily on visual scene analysis.

In Chapter 2, we explore existing datasets and methods for Video Question Answering, scene text
spotting, recognition, and tracking.

In Chapter 3, We proposed modelling textual understanding in driving scenarios as a Video Question
Answering (VideoQA) task. Our new dataset for VQA on driving videos emphasizes the practical
relevance of questions and answers in real-world driving contexts. The dataset’s performance evaluation
on state-of-the-art VideoQA models revealed significant challenges in reading scene text, highlighting
the need for improved methods.

Further investigation through a competition involving industry leaders and academic institutions pro-
vided valuable insights into the capabilities of existing models for text detection, recognition, and track-
ing in driving videos(Chapter 4). This competition underscored the strengths and weaknesses of current
approaches and emphasized the necessity for further research and development in this field.

Recognizing the limitations of existing models, particularly in reading occluded text, we developed
the Occluded RoadText dataset. We present this work in chapter 5. This dataset addresses the challenge
of occlusions in real-world scenarios, providing a more accurate reflection of the complexities and
unpredictability drivers face. By offering this benchmark publicly, we aim to foster collaboration and
innovation among researchers, enabling the development of more robust models capable of handling
occluded text in driving environments.

In conclusion, the work discussed in this thesis represents momentous steps toward integrating tex-
tual understanding into ADAS. The development of specialized datasets and the insights gained from
our investigations pave the way for future enhancements in text detection and recognition technologies.
These improvements will ultimately contribute to safer and more efficient driving experiences, better

equipping drivers to navigate the visual world around them.
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