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1. INTRODUCTION

The term text localization refers to the mechanism of determining the position of textual content
present within any form of multimedia object. There are two other equivalent terms known as text detection
and text recognition, which are closely connected to text localization, where the former one relates to finding
the text element within an image or video frame, while the latter relates to the method of decoding the
context of actual text from a localized region [1]. The significance of text localization is that it acts as a
foundation for text recognition, while they are quite essential in various real-world applications, viz.,
assistive technology, augmented reality, document digitization, and autonomous vehicles [2]-[4]. Text
localization also assists in efficient processing as the system doesn’t require executing optical character
recognition (OCR) on the complete image, as localization regions are only subjected to further processing.
There are various research-based approaches towards text localization, viz., texture-based, semantic
segmentation, and region proposal method [S]-[7]. Irrespective of various research-based ongoing solutions,
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there are various ongoing research challenges, viz., text variability, visual variation, generalization, resource
limitation, and layout complexity [8].

Machine learning-based methods have evolved as one of the promising solution towards text
localization [9]. It is deployed for automated feature learning where hierarchical features are learned
autonomously from data. Various machine learning models are used specifically towards localization and
recognition, viz., character region awareness for text detection (CRAFT), efficient and accurate scene text
detector (EAST), and connectionist text proposal network (CTPN). These models are quite capable of
identifying both non-standard and non-linear layouts of text regions. Various lightweight models, like
variants of MobileNet, facilitate real-time deployment on resource-constrained devices and thereby optimize
latency. Adoption of machine learning also provides the system to undergo learning operations with invariant
representations, which can generalize quite well on diverse conditions. Various transformer-based models
(e.g., vision transformers) provide modelling of global context and offer explicit attentions. This approach
potentially assists in emphasizing the relevant region of text for any given condition of scenes. Although
machine learning and deep learning offer significant contributions towards solving text localization
problems, there are various potential setbacks too that are consistently being a part of ongoing investigation.
The primary bigger challenge in the deployment of machine learning approaches is real-world variability,
which is characterized by a dynamic environment with unseen layouts, scripts, and fonts. Usually, models are
trained on a cleaner version of the dataset, which fails when subjected to different unforeseen environments.
Various dynamic conditions like background noise, motion blur, occlusion, and lighting can easily degrade
the performance of the model. Various high-performance model of machine learning (e.g., transformer)
demands support of graphical or tensor processing unit. This not only consumes extensive resources but also
degrades the balance among accuracy, speed, and power demands.

Various related works have been studied to understand the adoption of machine learning towards
text localization. Existing systems have been dominantly witnessed to adopt convolution neural network
(CNN) towards localization of text contents by integrating CNN with various other deep learning models,
e.g., transformer and recurrent neural network [10]-[14]. Although these CNN-based approaches are known
to address issues pertaining to the integration of text into the detection of objects, shapes of irregular text, and
recognition of bilingual text, they demand massive annotated data and are highly challenging to handle
occluded instances of text. There are various research models designed using histogram of oriented gradients
(HOG) and support vector machine (SVM) towards scene text detection [15]-[19]. These approaches are
known to accomplish a decent accuracy of recognition that is found suitable for non-English textual contents
with simplified feature extraction. However, HOG schemes with SVM are also witnessed with shortcomings
that are reported to limit the performance in contrast to modern times of deep learning approaches. HOG has
also been integrated with another efficient machine learning algorithm of random forest towards
accomplishing better performance of text localization [20]-[26]. These studies perform the extraction of
unique features where HOG is utilized for extracting gradient-oriented features, while they are also integrated
with various types of moments. However, such approaches are not found to withstand complex variation in
scene text.

The research problems identified are i) majority of the existing system is found to working fine with
their dataset with static video scene but not much evidence is put forwarded to address inaccurate localization
of text for complex scenes of video, ii) almost all the approaches gives more importance to solve
detection-based problem but not much emphasis is towards investigating location-based information viz.
bounding coordinates, size, and orientation, iii) irrespective of exhibits of some higher accuracy scores,
majority of existing models adopts machine learning approaches that will definitely result in higher
computational cost and increased inference time, and iv) conventional framework that are trained on
particular dataset doesn’t generalize optimally to multimedia dataset with an inclusion of different language,
motion, and fonts. The problem of accurate localization of text is addressed in the proposed system by
presenting a unique feature extraction scheme that adaptively performs text localization capable of
fine-tuning itself to different types of background of video. The issue pertaining to positional information is
addressed in the proposed system by considering a bounding box formulated dynamically, facilitating the
model with enriched spatial context apart from performing detection and recognition. The problem of
extensive computational cost and increased inference time is controlled by the proposed system by adopting
an optimized architecture of a neural network, making it suitable for real-time applications.

The research aim of the proposed study model is towards introducing an efficient text localization
framework guided by an intelligent verifier for complex forms of video content. The proposed model is
called as E-TEXTLOC, which will mean an efficient text localization and extraction for comprehensive
positional accuracy in complex videos. The value-added contribution of E-TEXTLOC are as follows:
i) E-TEXTLOC presents a framework for accurate localization of text by adopting contour-based region
proposal technique for highlighting areas enriched with text with increased spatial saliency, ii) the model
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implements deep convolution neural network (DCNN) for verification of candidate region rapidly optimizing
the accuracy performance with minimal overhead, iii) the proposed framework targets to reduce the inference
time for each video frame adopting optimized feature selection for facilitating E-TEXTLOC in real-time
environment, and iv) the model implements a novel and yet simplified feedback mechanism using verifier for
assessing outcome of OCR followed by incorporating model learning for optimized accuracy performance.

The proposed model is different from conventional localization methods such as EAST and CRAFT,
which essentially depend upon dense pixel-level forecasting and demand post-processing that is actually
computationally intensive. On the contrary, a lightweight contour-based region proposal method has been
presented by E-TEXTLOC for minimizing the search space before validating it by deep learning. Similarly,
transformer-based methods are good in modelling contextual dependencies and yet they need an extensively
large labelled dataset and need computational resources. On the contrary, E-TEXTLOC focuses on
computational efficiency using verifier modelling of CNN and feedback methods using OCR. In short, a
self-supervised verified modelling has been presented by E-TEXTLOC, which refines the localization result
using the confidence score of an OCR. The next section presents a discussion of the adopted methodology to
accomplish the study objectives.

2. METHOD

The proposed system of E-TEXTLOC adopts a simplified mathematical modelling targeting text
localization, which further consists of both detection as well as recognition of text residing within the video
frames. Figure 1 highlights the adopted study architecture consisting of various operation modules to
accomplish the study goal. The prime module involved in architecture is responsible for the generation of
region as part of accomplishing the goal of localization while the DCNN module and the OCR module carry
out the task of detection and recognition. The optimal structure and integration of each module are
mathematically formulated.
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Figure 1. Architecture of E-TEXTLOC

2.1. Corner response feature map region proposal

This module is responsible for generating the candidate region with a high possibility of the
presence of textual content in the video frames. The notion of corner response feature map (CRFM) is based
on the computation of local variation associated with intensity, followed by the detection of structures with
contours. Consider adopting a gradient edge detector as (, I,)=(0l/0x, 0l/0y) where I(x, y) represents
grayscale intensity at location (x, y) in the video frame. The model defines curvature-based interest point
detector contour response R(x, y) as (1).

Iz L, Iz L,
R(x,y) = det G, | — k. (t 2 1
(x,) = de ([,x,y 2 | Ge )~k (race| D (1)

In the (1), the structure inside the determinant det function is a structure tensor associated with each
pixel, while Gs represents a Gaussian kernel that is used for smoothening (along with standard deviation),
and the variable £ is an empirical constant with value [0.04, 0.06]. A closer look into the first component of
(1) will be represented in the form of {I713-(Ix,)*} while the second component of (1) will represent (IZ+15).
Further, trace() represents the summation of all diagonal elements present within the structure tensor. CRFM
also defines C(x, y) as a binary contour map that is represented as (2).
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According to the (2), the valuation of the binary contour map completely depends upon contour
response R(x, y), where T¢ represents its cut-off value for determining the potential contour responses. The
model then applies morphological operations subjected to a binary contour map C(x, y) that can now be
represented as C’(x,y) = dilate(close(C(x,y))). The system then uses labelling of all connected
components to acquire the contours. (R;)M; from connected regions of C’(x, y). Finally, a specific region
with location information with a valid aspect ratio is retained by the filtering step as (3).

Bi ES= D1 € [alvaz]vAi € [Amin'Amax] (3)

In the (3), the variable B; represents a bounding box specific to contour region R; while S represents
a set of all candidate regions of text i.e., S = {Bi}. The variable D; represents (wi/h;), where w; and #;
represent the width and height of the bounding box and area A; is represented as (wi. 4;). The valid range of
area is further designated as (A;uin, Amax)- The novelty of this part of the implementation is associated with
the introduction of low-level feature extraction along with the mechanism of region proposal. This method
not only contributes towards highly granular and lightweight text localization but also towards faster
identification of potential candidate regions.

2.2. Deep convolution neural network verifier

The key purpose of this module is towards enriching the outcome of the prior CRFM module by
removing all the false positives where regions may be detected with enriched contours, but they lack the
possession of any textual content. As the CRFM module cannot afford to miss any text, hence DCCN verifier
ensures that the text region with a higher confidence rate should be passed on for its consecutive stages of
recognition. E-TEXTLOC uses the DCCN verifier in order to minimize the possibilities of outliers from
CRFM, which is empirically represented as (4).

fo = RT"40,1] “4)

In the (4), fp represents a binary classifier that takes the value of either 1 or 0 based on whether the
region x is found to have textual contents or otherwise, respectively, while the suffix 0 is a network
parameter. The model considers a lightweight model that consists of convolution layers followed by batch
normalization, activation of rectified linear unit (ReLU), and a layer with a fully connected network. A
dataset db = {(x;,y;)} is used to train the network, where x; and y; represent a cropped patch of an image
and label (0, 1), respectively. The system computes binary cross-entropy loss as (5).

L() = =TI [B, + By ()

In the (5), it can be noted that computation of loss function L(6) depends upon two entities, i.e.,
B; and B,, which represent y;.log fo(x;) and (1 — y;).log(1 — fo(x;)) respectively. Finally, the inference is
carried out with ¥; that undertakes the value of either 1 or 0 for fy(x;) > T, or otherwise, respectively;
where the attribute 7, represents a binary cut-off of classification confidence. It should be noted that the only
region with a detected bounding box as a part of S has with value of $; as unity as forwarded to the next stage
of operation.

2.3. Recognition module with optical character recognition

The purpose of this module is to transform the confirmed region of text into a specific form of text
that is machine-readable. Resizing is carried out for the region passed via the DCNN filter and then subjected
to a pretrained OCR processing unit. In order to carry out transcription of textual contents, the regions of
retained image are forwarded to a processing unit which executes recognition operation as ®RT*W>3 — 3%,
where the notation X* represents a string associated with an alphabet X. Considering x € S be an input
region, the recognised text t is represented as (6).

t=d(x) e (6)

In (6) infers that when t# @ than the identified region is confirmed to possess textual content. The
proposed system uses Tesseract OCT for implementing ®@. E-TEXTLOC also implements non-maximum
suppression (NMS). It is done to control the possible occurrences of redundant bounding boxes. The
computer vision metric (CVM) used for this purpose is as in (7).
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In the (7), the computation of CVM is performed by implementing intersection over union, which
computes the degree of overlapping of predicted and ground truth scores. The bounding box with CVM more
than cut-off t is subjected to suppression, while the bounding box with maximum area or confidence of OCR
is retained. The value of cut-off T can be retained as 0.2-0.6.

3.  RESULT AND DISCUSSION

The assessment of the E-TEXTLOC is performed on a highly controlled simulation environment
where the scripting is carried out in Python. The model is assessed with a dataset constructed using YouTube
videos. The dataset consists of an .mp4 video file with 25 frames per second with 354 kbps as data rate. The
video processing, extraction of features, and formation of a bounding box, is carried out using OpenCV,
while deep learning modules are implemented using PyTorch, where MobileNetV2 is used for feature
extraction and the DCCN classifier is used for training. OCR is implemented using Pytesseract for acquiring
readable text, while mathematical operation is performed by NumPy. The implementation of the baseline
machine learning model is performed using scikit learning. The hardware configurations are as follows: the
system is implemented on a normal Intel i5 processor with 32 GB RAM and NVIDIA GEFORCE GTX
installed on a Windows 11 machine. The proposed study is compared with existing approaches, as there are
various reports stating the usage of machine learning and OCR-based methodologies, which are nearly
equivalent to E-TEXTLOC [27], [28].

3.1. Accomplished result

Table 1 highlights the accomplished study outcomes using various libraries and software tools. The
proposed system is compared with three baseline models of TinyCNN, HOG integrated with SVM, and HOG
integrated with random forest. It is to be noted that TinyCNN is a slightly lower version of the adopted deep
learning model, while the extraction of shape-oriented features is carried out by HOG integrated SVM model
that can differentiate both textual and non-textual regions. Further, a similar feature is also used by HOG
when integrated with random forest; however, the regions are classified via a consensus method participated
in by multiple decision trees. The accomplished outcome is analyzed using accuracy, precision, recall,
F1-score, and average inference time per frame.

Table 1. Accomplished benchmarked outcome

Model Accuracy (%)  Precision (%) Recall (%) Fl-score (%) Avg. inference time per frame (ms)
E-TEXTLOC 98.2 95.4 94.1 94.7 29.6
TinyCNN 923 87.6 84.5 86.0 523
HOG + SVM 89.7 81.4 77.8 79.5 385
HOG + random forest 88.1 82.1 73.2 77.4 40.1

The study outcome shows that E-TEXTLOC accomplishes 98.2% accuracy, which infers its
appropriateness with respect to all decisions towards classification on all video frames. The precision and
recall rate of the proposed model are found to be 95.4% and 94.1% respectively, exhibiting a significant
reduction of false positives as well as false negatives. Further, the proposed system is noted to accomplish
94.7% of Fl-score under different conditions of video for localizing the position of text. Finally, the
inference time for E-TEXTLOC is noted to be just 29.6 ms, proving it as the fastest operation suitable for
real-time applications.

3.2. Discussion

Based on the accomplished numerical outcome, the analysis has been extensively carried out to find
that the range of the accuracy metric resides between 97-99% while the enhancement in the average rate of
precision and recall is between 15 and 12% respectively. Similarly, the F1-score is improved to 13-18% in
contrast to baseline models, while potential improvement in average inference time is noted to be 40-50%.
There are various rationales to be attributed to this accomplished outcome (Figure 2). E-TEXTLOC uses
pseudo-labelling as well as intelligent sampling, which ensures the selection of only potential frames either
during training or during inference generation. These operations lead to a significant reduction in
computational overhead as well as noise. E-TEXTLOC also introduces an efficient technique of region
proposal, along with the implementation of feature extraction carried out by MobileNetV2, without
sacrificing any richness in features. Apart from this, it is also noted that conventional models usually treat the
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problems of localization in a separate way, in contrast to problems related to detection and recognition.
E-TEXTLOC integrates a smart and intelligent verifier for assessing the outcome of OCR, followed by
feeding it back to training. This operation results in consistent improvement along with superior robustness of
the model. The deployment of the confidence scores of OCR either for accepting or rejecting the prediction
potentially assists in addressing the dissemination of errors while inference is in the process of generation, as
shown in Figure 2(a), leading to higher accuracy. The conventional mechanism adopted in either the adopted
baseline model or any others are also proven not to possess inclusion of contextual learning as well and lacks
any feedback process. The baseline models are not witness capable towards filtering out outliers effectively,
in contrast to E-TEXTLOC, as they often consider each region or frame uniquely, resulting in an increased
rate of errors as well as sub-optimal generalization performance when subjected to complex or noisy scenes
of video.

Better precision and recall performance (Figure 2(b)) and their balanced operation noted in
Figure 2(c) showcase that training carried out by the verifier facilitates E-TEXTLOC for controlling various
types of challenging conditions in real-time, viz., motion blur, occlusion, and illumination. Based on the
outcome accomplished in the study, it can be inferred that the modular design of E-TEXTLOC facilitates it to
be deployed over any resource-constrained ecosystem exhibiting increasing scalability (Figure 2(d)). Due to
minimal inference time, E-TEXTLOC ensures high suitability towards assistive reading devices, autonomous
vehicles, and surveillance systems. There are various publicly available benchmark datasets, e.g.,
multi-lingual scene text (MLT), common context-text (COCO-Text), and International Conference on
Document Analysis and Recognition (ICDAR), that are frequently adopted towards assessing text
localization from scenes (static images). Such datasets are witnessed not to sufficiently extract the real-time
constraints, frame-level redundancies, and temporal dynamics connected with the localization of video-based
text. The E-TEXTLOC model is essentially crafted for continuous streams of video influenced by multiple
attributes, e.g., latency, occlusion, motion blur, and frame sampling. The study uses a curated YouTube video
dataset for carrying out the evaluation that represents a deployment event in the real world. Hence,
assessment of E-TEXTLOC adopting different public benchmarks could be carried out in future lines of
work for evaluating the generalization across different datasets.

HOG + Random Forest

HOG + Random Forest

" 8 HOG +SVM
U HOG + SVM =]
5 8
g <§ TinyCNN
g TinyCNN
[y
E-TEXTLOC e
evexnioc. NN e e w
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Figure 2. Accomplished study outcomes (a) accuracy, (b) precision and recall, (c) F1-score, and
(d) inference time
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3.3. Ablation study

The effectiveness of the proposed model is further assessed by adopting an ablation study, where the
key motive is to study the contribution of individual components towards accomplishing the stated
performance in the prior section. Table 2 highlights the numerical outcome of the ablation study that is
obtained by selectively permitting and disabling particular components during the complete operation. In the
first configuration of an evaluation, a study is carried out by eliminating the CRFM module, while the CNN
verifier can be directly applied to a complete stream of video. The outcome of this configuration is noted
with maximized event of outliers and a sudden increase in inference duration. This is mainly due to the
voluminous search space representing the significance of CRFM towards the generation of candidate regions
efficiently. In the second configuration of an evaluation, the study involves removing the DCCN verifier
while the system directly forwards the CRFM-generated region to the OCR component. This configuration
results in a notable degradation in precision as the model detects all non-text regions with contour as text
regions incorrectly. Hence, this displays the importance of the verifier model towards controlling outliers. In
the third configuration of an evaluation, the study model disables the feedback mechanism controlled by
OCR while prior modules of DCNN and CRFM are retained. The outcome shows the comparable recall
score, while the precision is gradually found to be declining in the presence of a complex scene of video
scene. The analysis highlights the importance of refinement using feedback in retaining better consistency.

Table 2. Numerical outcomes of ablation study

Configuration Inference time (ms)  Precision (%)  Accuracy (%) OCR feedback DCNN verifier CRFM
Full E-TEXTLOC 29.6 95.4 98.2 v v v
Without OCR feedback 30.4 88.6 95.1 X v v
Without DCNN verifier 339 82.4 92.8 v X v
Without CRFM 61.8 86.1 91.5 v v X

4. CONCLUSION

The proposed study of text localization is proven to successfully address the limitations associated
with baseline models by collaborative usage of confidence-based filtering, feedback using a verifier, and
pseudo-labelling. The contribution towards advancement in E-TEXTLOC can be attributed to an effective
sampling of video frames, minimizing the duration of inference for each frame, maximizing the richness of
feature extraction and improving the robustness of text localization from complex video. The study outcome
is in support of advocating E-TEXTLOC deployment in real-time usage as well as in an environment with
reduced resource availability. Cumulatively, E-TEXTLOC contributes to a practical and innovative approach
towards localization of text from video content. However, there are certain limitations associated too. A
potential performance is exhibited by E-TEXTLOC on English video text, while the study finds that the
generalization ability towards multilingual scripts could demand potential fine-tuning and extra training. It is
also expected that the adoption of diversified scenarios with faster scene changes or extremely cluttered
backgrounds could eventually challenge the localization accuracy.
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