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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 ef�ciently, adhere to traf�c 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 speci�c 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 signi�cant 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 signi�cant scene

1



Table 1.1The 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

CUTE80[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

CTW[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

IIIT-ILST[57] Arbitrary oriented Multilingual Image

ISTD-OC[25] Arbitrary oriented, Synthetic Occluded English Image

BOVText[90] Arbitrary oriented English & Chinese Video

OCTT[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 CUTE80[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 IIIT-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 �rst Visual Question Answering (VQA) dataset

2



Figure 1.1The �gure illustrates the progression of signi�cant 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 speci�cally 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 signi�cant 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 �ndings 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 speci�c scenario where models struggle: occluded scene text.

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

3



era angles, signi�cantly 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

re�ect the complexities and unpredictability found in real-life situations. This arti�cial 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

speci�cally tailored for this challenging scenario, comprising over1; 000 images and3; 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 dif�culty posed by occluded scene text, presenting a special-

ized dataset for this purpose.
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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

�rst 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, speci�cally 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 �rst 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 signi�cantly 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-
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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 �rst, 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 dif�cult 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], CUTE80[71]. Occluded Character-level Total-Text (OCTT)[67] dataset
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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 speci�cally 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 �eld 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], HowtoVQA69M[93] provide explicit text in the form

of subtitles. Multiple-choice datasets[77, 41, 92] consist of a pre-de�ned 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. HowToVQA69M[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-Traf�cQA[92] dataset and the Eclipse

model for testing systems' ability to reason over complex traf�c scenarios. The SUTD-Traf�cQA[92]

dataset contains multiple-choice questions that are based on different traf�c 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.
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Table 2.1Comparison 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] 7 7 7 6.7K 6.4K MC

MSRVTT-QA[91] 7 7 3 10K 243.6K OE

Activitynet-QA[96] 7 7 3 5.8K 58K OE

TVQA[41] 7 7 7 21.7K 152.5K MC

WildQA[13] 7 7 7 0.4K 0.9K OE

HowtoVQA69M[93] 7 7 3 69M 69MK OE

SUTD-Traf�cQA[92] 7 3 7 10K 62.5K MC

NewsVideoQA[31] 3 7 7 3K 8.6K OE

M4-ViteVQA[102] 3 7 7 7.6K 25.1K OE

RoadTextVQA 3 3 7 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(GenerativeImage2Text)[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.
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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 �rst 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 �xed 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.

9



Chapter 3

Reading Between the Lanes: Text VideoQA on the Road

Figure 3.1 Examples from our RoadTextVQA dataset. The question in the �rst clip is based on the

speed limit road sign, so it is classi�ed 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 ef�ciently. 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 traf�c 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 nearly50%of the

images/vqa 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 dif�culties 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.

11



Figure 3.2Distribution 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 speci�cally for English road-text. In addition to the videos from RoadText-

3K, additional dashcam videos were sourced from the YouTube channel J Utah1. 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 pro�cient 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 �ltering

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 speci�cally 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

1https://www.youtube.com/@jutah
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Figure 3.3Top 10 questions in the dataset.

Figure 3.4 Geographical distribu-

tion of videos in the RoadTextVQA

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 veri�cation stage, the video and the

questions are shown, and the annotators had to add the answers and the timestamps. We made sure that

veri�cation is done by an annotator different from the one who has annotated it in the �rst 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 �agged and rejected if it is incorrect or does not follow the annotation guidelines.

If there are common answers in the annotation stage and veri�cation stage for a question, then that

question is considered valid. All the common answers are considered valid answers to the question. In

the veri�cation 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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traf�c sign-based. The second classi�cation 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 veri�cation 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.”

Figure 3.5 An analysis of the distribution of questions based on their starting 4 grams has shown that

a signi�cant 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.
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Figure 3.6The 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 at86:6%, while the percentage of unique

answers is40:7%. 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 3.7The annotation tool features a dedicated work�ow 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 Veri�cation Page, allowing users to review annotations, add question

�ags and types, and validate submissions to ensure correctness and consistency.
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Figure 3.8A 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).

Figure 3.9Distribution of number of videos vs number of tracks.

questions have answers that can be found within the text present in the video, while the remaining32%

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 re�ects 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-

CNN[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 �xed 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 GenerativeImage2Text

GIT(GenerativeImage2Text)[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 �nal 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 in�ated for

the YouTube clips when compared to RoadText-3K clips.

Experimental setup for M4C. The M4C[29] model is trained using the of�cial implementation,

and the training parameters and implementation details remain consistent with those used in the orig-

inal paper. We used a �xed 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, speci�cally 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 �nal answer is determined by taking the most

common answer from the ten individual frame predictions.

Experimental setup for SINGULARITY. We �ne-tuned the pretrained SINGULARITY-temporal

17M model on four NVIDIA Geforce RTX 2080 Ti. The �ne-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 �rst

half epoch, followed by cosine decay[54] to 1e-6. The other parameters used for training are the same

as the of�cial implementation. The video frames were resized to 224x224, and a single frame with

random resize, crop and �ip augmentations were utilised during training, whereas 12 frames were used

during testing. Additionally, we �ne-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 1e-5 and gradually decreasing to 1e-6 through the use of cosine decay. The GIT model was

trained using the of�cial VideoQA con�guration used for MSRVTT-QA training. We �ne-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 �ne-tuned the GIT model that was pretrained on the

MSRVTT-QA[91] dataset.
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Table 3.2Performance 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 3.3Performance 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 3.4Performance 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 �ne-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 �xed set of answers. In contrast, AP requires

dynamic extraction from OCR tokens, resulting in the ANP set having better accuracy than AP. Addi-

tionally, �ne-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 �ne-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 dif�cult 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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