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Abstract— Text detection in natural scene images, commonly
referred to as wild text detection, has emerged as a crucial and
challenging domain in computer vision due to its wide range of
applications in different areas such as autonomous driving, scene
understanding, augmented reality, and assistive technologies.
Wild text characterises high variation in text orientation, scale,
shape, font, color, layout, background clutter, and illumination
conditions. These varied irregularities pose challenges to existing
detection approaches. Traditional bottom-up segmentation
methods tend to predict pixel-level features and suffer from high
sensitivity to noise, while regression-based methods frequently fail
to capture complex geometric shapes of text. To handle challenges,
this work introduces BA-Text, a novel boundary-aware text
detection framework designed to generate tight and accurate
boundaries for text in natural scene images.

The proposed BA-Text framework adopts a top-down, kernel-
aware architecture that integrates multi-scale features to
represent text instances more effectively. At its core, BA-Text
employs a ResNet50 backbone for robust feature extraction
combined with a Feature Pyramid Network (FPN) to enhance
multi-level feature fusion. This design ensures that fine-grained
local features, intermediate-level representations of text regions,
and global contextual attributes are all simultaneously considered.
Unlike conventional methods, BA-Text introduces a kernel
shrinking mechanism and mid-line prediction strategy to better
capture the geometric attributes of text, particularly curved or
irregularly shaped instances. Kernel shrinking helps eliminate
noise by focusing on the central structure of text regions, while
mid-line prediction provides structural guidance for aligning text
contours more accurately. Together, these innovations enable BA-
Text to represent arbitrary-shaped text with high fidelity.

The pipeline of BA-Text consists of four key components:
feature extraction using ResNet50, multi-path feature fusion via
FPN, kernel and text map generation, and post-processing. The
network outputs both text region maps and kernel maps, which
are then refined to predict tight text boundaries. The design
emphasizes a boundary-aware mechanism that goes beyond
conventional bounding-box representations and instead focuses on
contour-level accuracy. The objective function is formulated with
a combination of classification and regression losses, optimized
through a smoothed loss function to enhance stability during
training. Extensive experiments were conducted using two widely
recognized benchmarks—Total-Text and CTWI1500, which
include horizontal, multi-oriented, and curved text instances. BA-
Text achieved a precision of 90.1%, recall of 83.1%, and F-
measure of 86.5% on Total-Text, while obtaining precision of
87.7%., recall of 85.3%, and F-measure of 86.5% on CTW1500.
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These results confirm that BA-Text consistently outperforms or
remains competitive with state-of-the-art methods such as
PSENet, TextSnake, CRAFT, and DBNet. In particular, the recall
performance highlights the framework’s ability to capture more
text instances in challenging wild environments, a critical
improvement over prior methods that frequently miss curved or
closely spaced text. The contributions of this work are threefold:
(1) the introduction of a boundary-aware framework that
enhances the robustness of wild text detection, (2) the integration
of kernel shrinking and mid-line prediction to provide fine-
grained geometric guidance, and (3) a comprehensive evaluation
on multiple benchmarks demonstrating competitive performance
against state-of-the-art approaches. Overall, BA-Text offers a
generalizable and efficient solution for detecting arbitrary-shaped
text in natural images and holds strong potential for integration
into real-world applications where accurate text detection is
critical.

Keywords— Scene Text Detection, Wild text, Boundary aware
Text, Kernel Shrinking, Feature Pyramid Network, Computer Vision

[. INTRODUCTION

TEXT embedded in wild images is a key topic in
computer vision with number of applications. This
kind of processing has several applications
encompassing car plate detection along with
signboard recognition and self-driving technology
and environment comprehension. With the speedy
advancement 1in object detection and image
segmentation, scene text detection[1][2][3] achieves
significant progress. But due to the irregularity in
text in the form of its nature, font, color (foreground/
background), scale and orientation as shown in
Figure 1, more efforts are required to unlock the
complexities. Deep learning areas facilitate to deal
with problems like object detection, text
classification, and segmentation-based approaches.
Text based object detection and text classification
methods use to annotate each and every character
while labelling the text. A normal informative image
typically has at-least 20 characters, which is tedious
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task to label and handle at pre-stage. Segmentation-
based approaches are pixel based prediction of
instances that adopt bottom to top methodology and
are very prone to noise. The main focus of the
segmentation-based algorithms in use today is the
prediction of isolated single pixels.

To get detection results, CT-Net[4] forecasts the
centripetal shift map and kernel probability map. By
anticipating the lateral and thin veins, TextLeaf]5]
reconstructs the instances while concentrating on the
text kernel mask. Here, to detect wild text, the focus
is to localize the text regions and the number of text
instances. To localize the regions and instances, a
novel framework is proposed in this paper for
identifying text boundaries in wild image scenarios
(BA-Text), which leverages segmentation-based top-
down scheme to determine the attributes or
parameters of text. This paper utilizes combination
of TextSnake [6] and Textfusenet [7] pipeline for
wild-text text detection. ResNet [8] backbone for
feature extraction followed by feature pyramid
network (FPN) [9] to obtain multi-scale feature maps
are used as feature fusion module to enhance the
detection capabilities with varying scales. The
proposed BA-Text model works to attain the features
at pixel level, intermediate level and global level.
Pixel level information is suitable for fine-grained
local features; intermediate level is worth capturing
text-regions and global level to capture all instances
in scene image.

ﬂ ‘
Text form in the

form of dotted
lines

@

Sparse Text School Board

Different font

Complex
Background

Arbitrary
Orientation

The main contributions of this work are as follows:
1) BA-Text model has been designed to boost text
detection task. 2) A study was conducted to compare
deep learning algorithms for determining the text
detection performance of BA-Text in applications. 3)
To assess the impact of the designed model,
qualitative results are displayed. 4) On two publicly
available benchmark datasets, the final proposed
model was contrasted with state-of-the-art (SOTA)
text detection methods, which include numerous
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horizontal, rotated, and irregular-shaped texts.

The rest of the paper is structured as follows.
Section 2 presents some related work. Section 3
describes the detail of feature extraction, feature
fusion module, and BA-Text model. Furthermore,
the training details and loss functions will be
discussed. Section 4 covers the experimental setup
and shows the ability of proposed model.
Furthermore, the outcomes of extensive experiments
are contrasted with SOTA techniques. Section 5
concludes with a summary of the entire paper.

II. RELATED WORK

Deep learning techniques have accelerated text
detection research which has resulted in important
developments during recent years. Existing
techniques are generally divided into three
categories: segmentation-based, regression-based,
and hybrid approaches.

A. Regression-based methods

Most regression-based text detection techniques
obtain their inspiration from object detection
frameworks Faster-RCNN[11] and SSD[12] that
identify text-candidates bounding boxes from text
regions directly. DeepText[13], utilizes Location-
Awareness-Attention Network to focus on text
proposals. TextBoxes[14] use convolution kernels
and anchor revision to detect texts. In order to handle
multi-directional text, TextBoxes++ [15] was then
suggested, adding an angle parameter. [16]
separated text as rotated text and quadrangle text to
predict different parameters based on FCN[17]. In
order to identify oriented texts, Liao et al. proposed
RRD[18] which made use of rotation-sensitive
features. To achieve detection results, He et al.
proposed SSTD[19], which made use of an auxiliary
loss and an attention module. Text instances were
represented by SeglLink [20] as segments and links
that combined segments based on link predictions.
The development of most of the aforementioned
techniques is hampered by complex post-processing.
The irregular structure of the text makes it hard to use
the already available techniques. The method of
progressive contour regression deals with this issue
by performing iterative updates of text contours[21].
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Horizontal text is the initial output, which is
progressively optimized to produce irregularly
shaped and multidirectional text. Tian et al. proposed
CTPN][22], which uses a Balanced Region Proposal
Network for geometric proposals and a Deformable
Morphology Semantic Network for semantic
proposals that allow an extensive investigation of
text layouts. In order to generate text proposals,
Wang et al. proposed ContourNet[23] which took
into account the fact that the text aligned between
two orthogonal directions and concentrated on IoU
values between predicted and ground-truth bounding
boxes. Text contours were represented by the Fourier
Signature Vector in [24] and the Bezier Curve in
[25]. Irregular text shapes are manageable with
current methods but these methods become less
effective because of their complex structure.

B. Segmentation-based methods

The critical goal of segmentation-based
approaches is to predict whether a pixel is text.
PSENet[26] represented text as different scale
kernels and reconstructed text instances according to
a progressive expansion algorithm. Lyu [27]
proposed an approach that generates candidate boxes
by grouping corner points and assess them using
region segmentation. Then, the candidate boxes were
assessed by region segmentation and suppressed by
NMS. TextField[28] predicted the direction field
while segmenting the text. It utilized the direction
field to separate geographically close texts.
CRAFT[29] modelled text instance by judging the
proximity of the characters to each other.
PixeLink[30] predicted pixel score map and the
relationships with surrounding pixels to detect text.
LeafText[5] treated text instance as leaf and utilized
main, lateral, and thin veins to form text. The above
approaches perform well for dealing with irregular-
shaped texts but still lack efficiency. DBNet[31]
segmented the score and regressed the threshold to
surprise the result of DB. Benefiting from that, DB
module can be removed during inference and
adopted a lightweight backbone, it achieved
excellent performance while maintaining a high
inference speed. On top of that, DBNet++[32]
introduced an attention mechanism that improves
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detection accuracy with minimal effect on speed.
CM-Net[33] proposed a novel text kernel
representation named concentric mask and learned
some auxiliary features to assist in detecting text.
The PAN[34] model built its backbone lightweight
while incorporating FFM and FPEM to improve
feature strength. The framework suggested
equivalent vector predictions together with trainable
text post-processing for restructuring. TextSnake [6]
represents text as a snake. It utilized circles to
describe text components. Although connected-
component-based approaches work well when
dealing with irregular-shaped texts, the complex
merging process remains an open problem.

C. Hybrid Methods

Hybrid methods take the benefits of regression and
segmentation-based methods. Zhou et al. proposed
EAST [16] system first operates at the pixel level for
the identification of text-containing regions. This
helps in locating the text areas within the image.
Then, use regression to forecast the coordinates of
the bounding boxes that enclose the text. This step
refines the text detection by providing precise
quadrilateral shapes around the text regions. Liao et
al. proposed DB [32] that integrates the binarization
process into the segmentation network, which
simplifies the post-processing and enhances the
accuracy of text detection. MSR [34] focuses on
accurately locating text lines of various lengths,
shapes, and curvatures by predicting dense text
boundary points then extracts and fuses features at
different scales to handle variations in text sizes and
shapes. Such a multi-scale detection system delivers
enhanced performance regarding text detection of
small and large instances simultaneously. The
PMTD [35] implementation uses the core advantages
of Mask R-CNN in its design. The pixel-level
regression in PMTD produces soft text masks and the
obtained 2D soft masks get reinterpreted into 3D
space while a plane clustering algorithm identifies
the optimal text box through the derived 3D shapes.
The enhanced mask information enables better
detection accuracy because of its detail and
information content.
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[II. METHODOLOGY

This section introduced the overall pipeline of the
proposed approach and further discussed pipeline
components like feature extraction, feature fusion
and proposed BA-Text module in detail.

1) Overall Structure

The overall structure of BA-Text is shown in Fig.2,
which comprises of the feature extracting module
(FEM), feature fusion module (FFM), BA-Text
module, kernel prediction and text prediction layer
map, and post- processing module.

In BA-Text, the images are pre-processed to handle
noise and employ ResNet [36] pre-trained
architecture as a backbone of FPN [9]. Feature
extracting module extract multi-level feature
representations, then feature fusion module perform
multi-path fusion to embed the low-level features
into high level features to enhance the capabilities of
text detection. We used up-sampling to maintain the
size of image and use soft max as last layer to predict
the without compromising precision detect tight
bound text. Kernel prediction and text- prediction
modules are used to output the predictions by
computing text maps and kernel maps. The
prediction receives its final adjustments through a
post-processing step that determines losses before
adjusting training parameters.

Input Sample

FEM and FFM Instances

Fig. 2. Overall Structure of the proposed BA-Text model. PP,
FEM and FFM represents pre-processing of input sample,
feature extraction module and feature fusion module

2)Feature-Extraction and Feature-Fusion Module

As demonstrated in Fig. 3, throughout the feature
extraction process, we employ CNN-based
ResNet50 architecture followed by feature pyramid
network (FPN) [9] to obtain multi-scale feature maps
at varying scales by taking kernel 3x3, 1x1. In the
pre-stage layers of ResNet, low level features are
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generated having much information and post- stage
layers include high level features.

y

Merged
features

Kernel Map

CONCAT
¥

RESNET + EPN Features maps

Text Map
Fig. 3 Illustration of Feature Extraction module and Feature
Fusion module. Filters used in ResNet are 64, 128, 256, 512.
Up-sampling(conv 1*¥1 -> conv 3*3 -> Deconv) is used with
batch normalization to improve accuracy. Shortcut connections
are used to support fusion

This activity is mandatory to localize text of different
sizes and orientations and getting contextual local
features. The extracted features are then fused to
identify text regions in the image. The accuracy and
robustness of text detection are enhanced through the
integration of multi-layer and multi-scale features,
enabling effective detection in complex scenes with
diverse text orientations and varying lighting
conditions. Fusion is performed on the basis of
merging context information from adjacent areas.
This elaborates the findings of segmented instances
of text within the image. Feature Fusion module is
helpful to minimize the false positives and improves
in detection of text.

3)BA-Text

BA-Text module focuses on parameters through
which we can detect tight bound text. Merged
features from FEM and FFM module are used to
output the predictions by computing text-region and
text-mid-line that are further known as text maps and
kernel maps. We feed text maps and kernel maps to
BA-Text to compute various geometric parameters
that are used to train the model. The post-processing
module fine tunes the model by determining
smoothed losses which then modifies training
parameters. The proposed module BA-Text works to
attain the features at pixel level, intermediate level
and global level and calculating the geometric
attributes to handle parameters related to text present
in the image. Pixel level information is suitable for
fine-grained local features, intermediate level is
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worth capturing text-regions and global level to
capture all instances in scene image. After applying
the feature fusion with ResNet as shown in Fig. 3,
output consists of a set of multi-scale feature maps
(e.g., P2, P3, P4, P5) where P2 corresponds to a finer
resolution (smaller receptive field, for detecting
small objects) and P5 corresponds to a coarser
resolution (larger receptive field, for detecting larger
objects). Each feature map contains spatial and
semantic information designed for text of different
sizes. These multi-scale feature maps are used to
generate proposals for wild text object locations.

Mid Line
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subsequent appearing texts. It can be computed by
calculating its sine and cosine.

(c)
Fig. 4 The visualization of BA-Text. (a) BA-Text focuses on
the scale of first instance. The text region is labelled green in
the left image. (b) BA-Text calculates the midline by using
mean value of sidelines. (c¢) Different instances are marked with
distinct color. The kernel map is marked with yellow and text
map is marked with blue

In the classification phase, first prediction of per-
pixel masks of Text Regions (TR) is to be made, then
text mid-line (TML) prediction can further improve
the performance. It can be obtained through
shrinking of texts with the shrinking factor being 0.3
as shown in Fig. 4. In an image of height H and width
W, for a text instance i, represented by group of
circles {c0, cl, c2,...., cn). from left to right, as
shown in Fig. 5, group of circles are treated as text
region or text map (Tm) and we further determine a
text midline of polygons (kernel map) using
corresponding top and bottom sides of TR by
shrinking text map contours in the inner direction.
Algorithm 1 is used to generate kernel maps. The
shrinking factor is taken as 0.3 to deal with the effect
of noise. In the regression phase, we compute other
parameters that are further used to reconstruct the
text regions while testing. Various parameters are the
radius of circles and orientations in the direction of

d Orientation angle a

(b)

Fig.5 Extracting Mid-value line from corresponding
polygons (a)Text instance is represented through a text
region (blue region) and text midline (combination of
yellow, green and dark blue (b)Text region is represented
through number of circles, each is represented through mid-
point, and orientation(a). Cosine(a) and Sine(a) are
computed to identify the orientation of text instance

Algorithm 1: Kernel Map Label Generation
Input: text region map Tm, minimum area
threshold Thmin, shrinking ratio Sr, instance area A,
instance perimeter P, height H and width W.
Output: kernel map K

Procedure:

1 Initialize Kin € RWH;

2 for each text instance i € Tm do

3 offset; « 2E (1 — Sr)?
Py

4 text kerneli < shrinking contour inward by
offset;;

5 if area of text kernel; > Thmin then

6 sketch text kerneli on Ky

7 end

8 end
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4)Label Generation
Text regions of text image are described by a
collection of geometric attributes with overlapping
circles {c0, cl, c2,...., cn). The parameters from
each circle are represented through mid-point of
circle, the rad and orientation. The red can be
calculated as half'the distance between border lines
of text regions Bl and B2. Orientation (a) is
tangent line to the midline around the mid-point of
circle. By computing the distance to the bordering
segment in B, we can create the label for the
threshold map. Reconstruction of text boundaries
involves calculating the mid-point line/ kernel
mask and text region mask and then combining the
area of circles. After predicting text regions, the
detected pixels or regions are grouped to form
polygons, closely approximating the ground truth
masks. The placement of polygons closely aligns
with text contours which makes BA-Text an
efficient solution for detecting curved or shapes
that are not regular.
5)Optimization Function
Lastly, we formulated the overall objective of
proposed BA-Text module by calculating loss
functions for text detection branch; kernel map and
mask branch i.e. text map and improve the loss
function by updating the weights.

L = Legss + Lyeg (1)

Leiass = X1Lrgp + XLy (2)
Lreg = Y1Lraa + Y2Lsine + Y3Lcosine (3)

L1455 represents classification loss for text region
and text mid-line. Ly, represents regression loss
for rad, sine(a)) and cosine(a).

We update the loss values using smoothed loss
as:

-ad—rad
Lyga = rara;a 4)
Lgine = sine(a) — sine(a) (5)

Leosine = COSLE(/O() — cosine(a) (6)
rad, sine(a), cosine(a) are new values, while
rad, sine(a), cosine(a) are ground truth values from
datasets respectively. The weights constants x1, X2,
y1, y2 and y3 are all set to 1.
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IV. RESULTS & DISCUSSION

This section shows how performance of BA-Text
is evaluated on the publicly available benchmark
datasets that cover range of challenges while
detecting text. Then, qualitative detection results are
shown to prove the superiority of the recommended
method. The comparison between BA-Text and top-
notch text detection benchmarks takes place at this
point. Next, we demonstrated the robustness of the
method using evaluation metrics- Recall, Precision
and F-measure and finally discussed the utility of
BA-Text in text recognition.

1) Implementation Details

We implemented our model in Tensorflow on
Google Colaboratory. The ResNet50 network
architecture that is pre-trained on ImageNet [37] has
been used with Feature Pyramid Network (FPN).
The network is pre-trained on SynthText [38] for an
epoch and fine-tuned on other datasets with 1000
epochs based on weights. We used 1255 total-text
training images and 300 testing images to train the
model. We train BA-Text with batch size 8 on 1 GPU
for 5000 iterations. While training the model, we
disregard the blurred regions of text that are labelled
as DO NOT CARE from datasets and used Adam
optimizer for learning rate and set as .001 initially
and degrade exponentially at the rate of 0.8 after
1000 iterations. Random resize scale (0.25- 1.70),
Random rotation, mirror flipping and lightening
noise are used for data augmentation. During
inference, no augmentation is used during validation.
SynthText dataset is used for training only. Text Mid
Line is masked with text region and use threshold
value as 0.4. All the experiments are conducted on
regular workstation NVIDIA Tesla T4 GPU. We
train our model with batch size of 8 on 1 GPU which
provides a balance between memory efficiency and
stable gradient updates on a Tesla T4 GPU and
evaluate model on 1 GPU with batch size 1 to
accommodate image size variability and ensure
efficient post-processing.

2) Datasets

To detect wild text in scene text detection, several
datasets are specifically designed to address this
challenge. Several noteworthy examples exist below:
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Total-Text [39] is a perfect dataset to deal with wild
text detection that contains sufficient number of text
aligned in horizontal, curved and text oriented in
multiple directions. It is composed of total 1555
images and ground-truths which are available in
rectangular and polygon formats with .mat
extension. These images and ground-truths are
further divided into training and testing directories in
approximately in the 80-20 ratio. SynthText [38§]
database is the real efforts to fulfil the demand of
training the model with natural images by providing
large number of manually created text dataset having
800K images. This is made possible through
collection of images, color-model
(foreground/background), different fonts, and by
calculating images depth and segmentation. It is used
to pre-train the model in some epochs to improve
performance. CTW1500 [40] is a curve text dataset
containing 1500 images. Images are chosen in such a
way that at least one curve-text-instance is included.
This instance is labelled with 14 points. Training and
testing images are kept at 66.6: 33.3 ratio.

3) Evaluation of BA-Text for text detection

To assess the performance of BA-Text on
datasets - Total-Text and CTW1500, first dataset
images are converted from JPEG to PNG format

so that image quality and data is retained while
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processing. We have taken 0.4 and 0.5 as
threshold values for TR and TML and for
training and testing, process will fine-tune for 4K
iterations. To calculate the text detection results
on datasets, we have calculated the precision (P),
recall (R), and f-measure (F).

TP

~ TP + FP
TP

P

where TP, FP, and FN are representations for the true
positives, false positives and false negatives,
respectively. Here, true positives are the correctly
detected bounding boxes over texts, false positives
are incorrect detected bounding box, and false
negatives as missed bounding boxes that should be
cover by BA-Text. F-measure balances both,
precision and recall. We have evaluated the Total-
Text and CTW1500 dataset on 300 and 500 testing
images by formulating precision, recall and f-
measure as shown in Table I and show them
graphically as well in Fig. 6

Model Datasets Images taken for | True False False Precision Recall | F-measure
testing Positives Positives Negatives
BA-Text | Total-Text 300 256 28 52 90.1 83.1 86.5
CTW1500 500 435 61 75 87.7 85.3 86.5

Table I Evaluation of BA-Text on datasets

4) Comparisons with State-of-the-Art Methods

This section comprises of comparison of SOTA
methods on two datasets: Total-Text, and CTW1500.
Our technique results in state-of-the-art achievement
on two evaluated datasets based on the data presented
in Table II. Qualitative results of the test sets are
shown in Fig. 7 that shows that BA-Text achieves
high recall, precision for text including multi-
oriented, curve text and horizontal text.

5) Discussion

To determine the geometric parameters to cover the
text instance and forecast the boundaries along text,
the text region and text mid-line are utilized. Similar
to the ground truth labelling, boundaries along
curved wild text, horizontal text, or multi-oriented
text are aligned. These elements become more
readable when their geometrical characteristics
receive horizontal adjustment for text recognition
purposes.
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Method BB Total-Text CTW1500
P R P P R F

PSENet[26] ResNet50 84.2 77.9 84.6 84.6 84.6 822
TextSnake[6] VGGl6 82.7 74.5 67.9 67.9 67.9 75.6
FCENet[24] ResNet50 89.3 82.5 854 854 854 83.1
DB[31] ResNet50 87.1 82.5 86.9 86.9 86.9 83.4
PAN[41] ResNet18 89.3 81.0 86.4 86.4 86.4 83.7
CRAFT[29] VGGl6 87.6 79.9 86.0 86.0 86.0 83.5
TextDCT[42] ResNet50 87.2 82.7 85.0 85.0 85.0 85.1
ContourNet[23] ResNet50 86.9 83.9 83.7 83.7 83.7 83.9
TextRay[43] ResNet50 83.5 77.9 82.8 82.8 82.8 81.6
LeafText[5] ResNet50 88.9 83.2 87.1 87.1 87.1 85.5
FEPE[44] ResNet50 90.8 79.1 88.0 88.0 88.0 85.5
BA-Text (Ours) ResNet50 90.1 83.1 86.5 87.7 85.3 86.5

Table II The summary of results on Total-Text and CTW 1500 by different methods and approaches. “BB” represents Backbone.
“P”, “R” and “F” represents the precision, recall and f-measure respectively. “RED” AND “BLUE” represent the optimal and sub-
optimal performance, respectively.
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Fig. 7 Qualitative detection results of our proposed method on CTW1500[45] and Total-Text[39]
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6) Ablation Study

To analyse the contribution of individual
components in the BA-Text architecture, we
conducted ablation studies on the Total-Text dataset.
The results shown in Table III demonstrate the

incremental value added by key components: Feature
Fusion Module (FFM), Kernel Shrinking, and Mid-
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Line Prediction. These results indicate that each
module contributes to performance enhancement.
The use of kernel shrinking and mid-line guidance
provides tighter boundary representation, especially
for curved and multi-oriented text.

Configuration Precision (%) R(?,;Sll F-n;g/aoiure
ResNet50 + FPN (baseline) 85.2 77.1 80.9
+ Feature Fusion Module (FFM) 87.6 79.4 83.3
+ Kernel Shrinking (BA-Text) 89.0 82.0 85.3
+ Mid-Line Prediction (Full model) 90.1 83.1 86.5

Table I1I: Ablation Study Results on Total-Text Dataset
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Fig. 9 Ablation Study of BA-Text Components

V. CONCLUSION

This paper develops a new framework which detects
text boundaries in wild scene text images (BA-Text).
BA-Text encourages the training model to
distinguish instances by considering the proximity of
pixels in the successive appearing polygon. The BA-
Text representation approaches from top to bottom
i.e. from polygon to pixel level information. It
enables the model to capture the text proposal
regions and generates text maps and kernel maps
which when overlay on text instances gives
satisfactory result. BA-Text then computes internal

parameters that are used to reconstruct the text maps
at the time of testing new wild images. Extensive
execution of experiments proves the ability of BA-
Text to correctly spot the text instances area while
comparing with SOTA methods on two public
benchmarks. We will continue to explore more to
resolve the complexities associated with wild-text
text detection in future.
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