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Abstract: In the booming e-commerce industry, precise text detection in product images is crucial for seamless operations. However, existing text detection algorithms face
challenges due to the complex nature of e-commerce images. These images often combine intricate text with complex graphics and diverse product elements, all set against
highly variable backgrounds. Artistic fonts, with their unique and often ornate designs, are especially difficult to detect accurately, leading to subpar performance in extracting
product-related information. This inefficiency limits the development of intelligent e-commerce applications, which motivates our research. To address these challenges, we
propose EIEM-DBNet, an edge-detection-based text detection algorithm. Its key innovation is the integration of the Edge Information Extraction Module (EIEM), which uses
operators like Laplace, Sobel, and Canny to extract edge details from low-level feature maps. By emphasizing local edge features, EIEM-DBNet better distinguishes text
from the complex background compared to traditional methods that rely on global features. After edge detection, a channel-weighting mechanism incorporates the extracted
edge information into the model, enhancing its text detection accuracy. In terms of performance, EIEM-DBNet outperforms traditional DBNet models. In ablation experiments,
it shows a 1.1% increase in recall, a 1.3% rise in accuracy, and a 1.2% improvement in F1-score. Compared to other advanced models, EIEM-DBNet achieves the highest
recall rate in terms of F1-score, indicating its superior ability to balance precision and recall, thereby providing more accurate text detection in complex e-commerce image

scenarios.
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1 INTRODUCTION

E-commerce images contain a large amount of text
information, and in order to successfully extract the
information in the images, high-precision text detection
and recognition of the images is required [1, 2], after
which the extracted text can be semantically analyzed. In
fact, e-commerce image text detection belongs to a
branch of scene image text detection, and the text in the
image has a complex structure and variable background,
which makes detection difficult [3].

Recent studies have shown that multi-scale feature
fusion can significantly improve the performance of
scene text detection. For example, Fan et al. [4] proposed
a multi-scale feature fusion module that effectively
handles text of varying sizes and orientations by
leveraging spatial attention mechanisms to fuse features
from multiple levels. Similarly, Huang et al. [5]
developed a lightweight model called Efficient Former,
which achieves high accuracy while significantly
reducing computational costs, making real-time scene
text detection more feasible. Moreover, Tang et al. [6]
integrated advanced architectures like Transformers into
end-to-end scene text detection and recognition systems.
These systems utilize multi-scale feature extraction and
self-attention mechanisms to enhance detection and
recognition accuracy. These advancements highlight the
ongoing progress in the field, driven by innovative
techniques and architectures.

Early text detection methods mainly used texture-
based features [7] and text detection methods based on
connected domain component analysis [8]. Texture-based
text detection treats text as a special texture and records
its strokes for analysis, using the Fourier transform and
wavelet transform to separate the text from the
background. Text detection based on connected-domain
component analysis filters the background pixels based
on the position of the text pixels and the proximity of the
pixels, and aggregates the text pixels. However, earlier
text detection methods could only analyse image
information by human selection of features, and such

selection of features could not handle complex situations
such as artistic fonts and variable backgrounds in e-
commerce images.

With the continuous development of deep learning
models, academia has gradually developed two types of
text detection methods based on deep learning [9]: text
detection method based on region regression [10] and text
detection method based on pixel segmentation [11]. The
text detection method based on region regression will
intercept the small images of each target from the input
image, and then classify the small images in turn. Text
detection tasks usually use the method of preset anchor
boxes, that is, for each pixel on the feature map, several
text box proposals of different sizes and aspect ratios are
preset. The text detection method based on pixel
segmentation regards the text detection task as the target
segmentation task. Similar to the target segmentation
model, the text detection method based on pixel
segmentation classifies from the pixel level to determine
whether the current pixel belongs to the text target. After
discriminating all pixels, the probability map of the text
area is obtained, and then the probability map is
processed by various post-processing algorithms to
obtain the final text detection result map.

Early deep learning text detection methods, such as
RCNN [12] and Faster-RCNN [13], initially adapted
general object detection frameworks for text detection
tasks. While these methods achieved some success, they
struggled to effectively handle the unique characteristics
of text, such as its elongated rectangular shape and lack
of closed contours. For instance, RCNN generates
multiple candidate regions and classifies them
individually, which is computationally expensive and less
effective for text. Faster-RCNN improved efficiency by
integrating feature extraction, region proposal, and
classification into a single network, but it still lacked the
ability to accurately detect text lines due to its reliance on
general object detection principles.

To address these limitations, specialized text
detection models were developed. CTPN [14], proposed
by Tian et al., combined CNN and LSTM networks to
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improve horizontal text detection accuracy by
introducing a vertical anchor mechanism. Similarly,
SegLink [15] detected text segments and combined them
into complete text lines, incorporating rotation angle
learning to detect multi-oriented text. However, these
methods still faced challenges in detecting irregular or
artistic fonts, as they primarily focused on horizontal or
slightly rotated text.

EAST [16] introduced a significant advancement by
enabling the detection of text regions in arbitrary
quadrilateral shapes, simplifying post-processing steps
and reducing detection time. Despite its efficiency, EAST
struggled with curved or highly stylized text due to its
reliance on geometric assumptions. PSENet [17]
addressed this issue to some extent by using a progressive
scale expansion algorithm to distinguish and merge text
instances at different kernel scales. However, its pixel-
level segmentation approach was computationally
intensive and less effective for complex fonts.

LOMO [18] and PAN [19] further improved text
detection by incorporating iterative optimization and
feature enhancement modules, respectively. LOMO
excelled in detecting long text lines and arbitrary shapes,
while PAN used feature pyramid enhancement and pixel
aggregation to reconstruct text instances. Nevertheless,
these methods still faced limitations in detecting artistic
fonts, as they primarily relied on geometric and pixel-
level features, which are less effective for highly stylized
or irregular text.

To solve the mentioned issues above, the CDistNet
proposed by Zheng et al. [20] incorporates a multi-
domain character distance perception (MDCDP) module,
which fuses visual and semantic position embeddings,
significantly improving the adaptability to changes in
character spacing and direction. On the enhanced dataset
containing artistic fonts, the recognition accuracy of
CDistNet is 12% higher than that of PSENet, verifying
the importance of semantic guidance for the detection of
unconventional fonts. Nevertheless, such methods have
high demands for computing resources, restricting their
application on mobile devices. To address this, Ghosh et
al. [21] designed a lightweight CNN-RNN hybrid model.
By using MobileNetV2 to compress the parameters to
0.5M, it achieves real time detection while maintaining
accuracy, providing new ideas for the embedded
application of artistic fonts. It is worth mentioning that
the edges detected by existing deep learning methods
often exhibit unrefined results and spurious edges.
Elharrouss O. [22] employed a cascaded high - resolution
network named CHRNet to overcome these challenges.

In summary, while existing methods like CTPN,
EAST, PSENet, LOMO, and PAN have made significant
progress in text detection, they often fail to effectively
detect artistic fonts due to their reliance on geometric
assumptions and pixel-level features. A comparative
analysis of these models reveals that their performance is
highly dependent on the text's regularity and orientation,
highlighting the need for more robust approaches that can
handle the diverse and complex nature of artistic text.

In terms of application innovation, for instance,
regarding the cross-modal retrieval problem in the
general domain, a common approach is to adopt pre -
trained models and fine-tune them on e-commerce data.

Although this approach is straightforward, its
performance is less than satisfactory due to the neglect of
the uniqueness of e-commerce multi - modal data. The
work of Ma et al. [23] has achieved remarkable
improvements in addressing this issue. Pan et al. [26]
proposed a cross-modal retrieval method based on mixed-
scale feature fusion, which optimizes the feature
extraction and matching process through advanced neural
network architectures. Li et al. [25] further extended this
approach to the e-commerce domain, developing a
framework that leverages multi-scale feature fusion to
significantly enhance retrieval performance.

E-commerce images often exhibit complex text
structures and highly variable backgrounds, posing
significant challenges for text detection tasks. Traditional
text detection models, such as those based on
segmentation (e.g., PSENet), have made notable progress
in detecting text of arbitrary shapes. However, these
models often struggle with the unique characteristics of
e-commerce images, such as overlapping text, artistic
fonts, and low contrast between text and background. To
address these challenges, the DBNet model [26] has
emerged as a robust solution. Unlike traditional
segmentation-based methods, DBNet introduces a
differentiable binarization mechanism that
simultaneously predicts a probability map and a threshold
map, enabling end-to-end optimization of the binarization
process. This approach not only improves detection
efficiency but also enhances the accuracy of separating
text from complex backgrounds.

Despite its advantages, DBNet has limitations when
applied to e-commerce images. Specifically, it relies
heavily on high-level semantic features, which may
overlook fine-grained edge information crucial for
detecting text with irregular shapes or low contrast. This
limitation becomes particularly evident in scenarios
where text boundaries are blurred or text is embedded in
highly textured backgrounds. To bridge this gap, we
propose an Edge Information Extraction Module
(EIEM) that extracts edge information from low-level
feature maps. By integrating edge features with the high-
level semantic features used by DBNet, our approach
enhances the model's ability to detect text in challenging
e-commerce scenarios. The EIEM leverages the spatial
details captured in low-level features, which are often lost
in deeper layers of the network, to improve the
localization and separation of text regions. The main
contributions of this paper are summarized as follows:

(1) An edge information extraction module EIEM is
proposed. The edge texture information is extracted by
edge detection operator, and the edge information is
introduced by single channel weighting.

(2) The detection performance of different edge
detection operators [27] Sobel, Scharr, Prewitt and
Laplace are tested. The detection effects of different text
detection models are tested.

2 METHODOLOGY

In this section, we expound upon the DBNet, which
has been chosen as the benchmark model for text
detection. The overall topological structure of the model
is illustrated in Fig. 1. To begin with, we provide a
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detailed elaboration of the three key components: feature
extraction by the backbone network, feature fusion, and
post - processing differential binarization. In next section,
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Figure 1 Model structure of DBNet

2.1 Feature Extraction of Backbone Network

The ResNet network is one of the most widely used
backbone networks proposed by He [28] et al. in 2015. Its
greatest contribution is to solve the 'degradation
phenomenon' in neural networks. ResNet has much
deeper network layers than other backbone networks.
Although in the ideal state, the deeper the number of
network layers, the more semantic information is learned,
in the actual situation, simply increasing the number of
network layers may lead to the phenomenon of 'gradient
disappearance' and 'gradient explosion'. Although the
above problems are alleviated by increasing the
normalization layer, it still cannot change the situation
that when the number of network layers increases to a
certain extent, the accuracy rate is saturated or even
decreases.

In response to this problem, He et al. proposed a
residual structure. Assuming that the deep network can
simulate any function, when the deep network and the
shallow network are identically mapped, the network
performance should not be greatly reduced. A reasonable
explanation is that when the number of network layers
continues to increase, more and more activation functions
are introduced, and data mapping has been difficult to
return to the origin, that is, with the deepening of the
number of network layers, the network has been unable
to achieve linear conversion. Therefore, Shortcut
Connection is added to the residual connection structure

of ResNet. Assuming that the final mapping is # (x), then

when the final output of the last shortcut connection is x,
the mapping function formula for solving the current
network is as follows:

F(x):H(x)—x ()

F (x)is the mapping function of the current network.

When the number of network layers is deep and the
degradation phenomenon has occurred, it is only

necessary to make F(x)=0, then the output of the

current shortcut connection is the same as that of the

previous shortcut connection, that is, the best output is x,
which can ensure that the overall performance of the
network does not deteriorate.

2.2 FPN Feature Fusion

In the early target detection network, in order to
detect targets of different scales in the image, it is often
the case to generate images of different sizes, and
generate their own feature maps based on these images,
and finally summarize and count the targets detected from
the feature maps of different scales. Networks such as
Faster-RCNN will predict a single feature map. However,
the shallow feature map contains less semantic
information, and the location information of the deep
feature map is blurred. In order to use the receptive field
of the deep feature map and the location information of
the shallow feature map at the same time, Lin [29] et al.
proposed the FPN structure in 2016. For feature maps of
different scales, FPN will first increase the dimension and
reduce the dimension through 1x1 convolution, so that
the feature map can maintain the same number of
channels. The feature map with higher dimensions will
undergo multi-layer convolution, so its size will be
smaller. For high-dimensional feature maps, bilinear
interpolation up-sampling method is generally used to
recover their size. After that, feature fusion is completed
by splicing or point-by-point addition. DBNet not only
uses a top-down approach to obtain a single feature map,
but also samples the top-down fused features to the same
size and then stitches them again to obtain the final fused
features and post-processing.

2.3 Post-Processing Algorithm of DBNet

Text detection method based on pixel segmentation is
in the post-processing algorithm and it is often necessary
to binarize the predicted feature map. The obtained binary
map is connected into a domain by means of aggregation,
so that the initial text detection result is obtained.
However, the above method has a fatal flaw, that is, the
conventional binarization algorithm divides the
probability map by a fixed threshold. The formula is as
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follows:

1 ifP >t
= J (2)
0  otherwise.

ij

In the above formula, t is the selected probability
value. If the overall size of the probability map is H X W,
P is any coordinate point in the probability map, and the
output in the formula is 1, the pixel on the predicted
current coordinate position is a positive sample, that is,
text pixel. B is an element in the binarized image matrix,
whose value depends on whether P is greater than or
equal to a given threshold #. The output of 0 is a negative
sample, that is, the background pixel. This binarization
method obtains a non-differentiable step signal, which
means that the binarization algorithm cannot be
optimized during the training process. If you want to
identify more text regions, you can only rely on a better
feature extraction and feature fusion network.

In order to optimize the post-processing algorithm,
Liao et al. proposed a Differentiable Binarization
structure. The structure can calculate the binarization
probability map through the original probability map and
the threshold map to complete the binarization operation.

IVONOD

The algorithm can be optimized during the training

process, which greatly improves the performance of the

text detection algorithm. The formula proposed by Liao
A

et al. is as follows, B is the calculated binary

Ly
probability map, F,and 7, represent the probability

map and the threshold map respectively. k is a learning
factor, which is set to 50 in the original text. At this time,
the signal of the differential binarization algorithm is
closest to the step signal of the conventional binarization
algorithm.

3 PROPOSED EIEM-DBNet TEXT DETECTION MODEL

Based on DBNet which is elaborated in Section 2 as
the benchmark model, we proposed the improved EIEM-
DBNet. The improved EIEM-DBNet structure diagram is
shown in Fig. 2. Compared with the original DBNet
network structure, the feature extraction module is mainly
optimized. The Laplace edge detection module is
introduced to optimize the original feature extraction
module, and the overall performance of the text detection
algorithm is improved by extracting the edge features of
the text more accurately.

pred

probability map

. m

approximate
binary map

threshold map

Figure 2 Model structure of EIEM-DBNet

3.1 Feature Extraction of Edge Detection Operator

The text detection method based on pixel
segmentation is essentially based on the idea of semantic
segmentation to complete the text detection task, which
requires the allocation of semantic labels for all pixels. In
the DBNet network, the spatial information obtained in
the shallow network and the high semantic information in
the deep network are used to complete the prediction of
the text area through the FPN feature fusion structure.
However, in the face of e-commerce images, the method
still has some defects. Because the e-commerce image
contains more artistic fonts that are quite different from
the conventional text, and there are more small texts
hidden in the image, the spatial location information
extracted from the shallow feature map may not be
sufficient, which eventually leads to the problem of text

missed detection.

In general, the features in the shallow feature map are
more used to detect the spatial information of the text area,
but the edge information such as texture features can also
be regarded as low-level features. In the field of early text
detection, some models use texture-based methods to
complete text detection. Text can actually be regarded as
a special texture feature. No matter how the art font
changes, the color between the font and the font should
also be similar. The color between the text and the
background is also quite different. Therefore, the edge
information of the text is one of the important conditions
for distinguishing the text area from the background area,
as well as for small-scale text. Therefore, this paper
proposes an edge information extraction module to
extract edge information from low-level feature maps.
The overall structure of the model is shown in Fig. 3.
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Figure 3 Edge information extraction flow

The shallow feature map has a high resolution, which
contains more spatial and edge information of the text
area, so the edge detection operator is used to extract the
information that is easily overlooked in these original
models. The edge information extraction module is
directly added to the backbone feature extraction and
feature fusion structure, that is, after the feature extraction
of the original image is completed, the edge information
extraction is introduced before the feature map fusion of
different levels. The module adopts a structure similar to
the SENet module, and completes the introduction of
edge information by single channel weighting. After the
feature map is sent to the module, the 3x3 convolution
is used to extract the features in the branch, and then the
edge information is extracted by using Laplace, Sobel and
Canny operators, then, 1x1 convolution dimension
reduction is used to adjust the number of feature channels.
Then, the feature map of edge information detection is
compared with the original feature map pixel by pixel,
and the maximum activation value in the same position is
obtained, which can detect all possible text areas to the
greatest extent. Finally, 3x3 convolution is used to
adjust the feature information.

Text regions usually have a large number of
discontinuities. The so-called edge refers to the
discontinuity of the image in the local area. The edge of
the image generally has two characteristics of direction
and amplitude, which can be detected by first-order or
second-order derivatives. The first-order derivative
regards the maximum value as the position of the edge,
while the second-order derivative takes the zero point as
the corresponding edge position.

Generally speaking, the purpose of edge detection
can be completed by detecting the change of gray value.
In order to find the direction and amplitude of the edge at
(x,y) of the image, it can be achieved by gradient. The

specific formula is as follows:

o
8x | |ox

Vf =grad(f)= g;‘ = é (3)
y

where Vf isthe gradient, and it also represents a vector,
representing the direction of the maximum change rate of
fat (x,y).Its size can be expressed as:

M(x,y)=+g’+g’ )

M (x, y) represents the magnitude of the gradient vector

atpoint (x,y), thatis, the total rate of change of the pixel

value at that point. If you want to calculate all the gradient
directions on the feature map, you need to calculate the
partial derivative at each position in the map. The specific
formula is:

of (x,
gx :M:f(x.’.l’y)_f(xly)

af(ax ) )
&=y (B )= f (5)

g, Is the gradient value along the x-axis, g, is the
gradient value along the y-axis, and f (x, y) is the pixel
value at a given point (x, y) in the image. The calculation
of the relevant values of (x, y) can be obtained by filtering

(x,y) with one-dimensional template. This filtering

module for calculating gradient partial derivative can be
called edge detection operator.

The Laplace operator is one of the most common
second-order edge detection operators in image
processing. Unlike first-order operators such as Sobel and
Prewitt, which detect edges by computing the gradient
(first derivative) of the image intensity, the Laplace
operator calculates the second derivative, making it more
sensitive to fine changes in intensity. This operator is
rotation-invariant, meaning that changes in the coordinate
system do not affect its gradient results, making it
particularly useful in applications requiring consistent
edge detection regardless of orientation. The Laplace
operator is widely used in image enhancement tasks, such
as sharpening and noise reduction, due to its ability to
highlight regions of rapid intensity change. The template
of the operator is:

010 111
1 -4 1 1 -8 1 (6)
010 111

The above two templates are 4-neighborhood and 8-
neighborhood templates, respectively, representing the
gradients in 4 directions and 8 directions around the
center pixel of the domain. Through the template, it can
be found that when the pixel values around the
neighborhood are the same, the gradient can be obtained
to be 0, and when the center pixel value is higher than the
surrounding pixel value, the gradient is positive, and vice
versa. Negative, as long as the convolution result is
properly processed, the edge feature detection of the
image can be completed.

2192

Technical Gazette 32, 6(2025), 2188-2198



Huigiong FAN, Changxuan WAN: DBNetText Detection Algorithm Based on Edge Detection

The Sobel operator is a widely used first-order edge
detection operator. It computes the gradient of the image
intensity by convolving the image with two 3x3 kernels:
one for horizontal changes and one for vertical changes.
The Sobel operator is known for its strong noise
resistance, making it suitable for applications where the
image contains significant noise. However, its ability to
detect fine texture features is relatively weak compared to
more advanced operators like Scharr. Despite this
limitation, the Sobel operator is highly efficient and is
often used in real-time applications or scenarios where
computational resources are limited.

The Scharr operator shares the same computational
efficiency as the Sobel operator and is based on similar
principles. However, it improves upon the Sobel operator
by amplifying the weight coefficients in its filter kernels.
This enhancement allows the Scharr operator to better
capture subtle intensity changes, making it more sensitive
to fine edges and textures. As a result, the Scharr operator
is often preferred in applications requiring high-precision
edge detection, such as medical imaging or high-
resolution  photography.  Despite its  improved
performance, the Scharr  operator  remains
computationally efficient, making it a practical choice for
many edge detection tasks.

The Prewitt operator is another first-order edge
detection operator that is particularly effective at
suppressing noise. Like the Sobel operator, it uses two
3x3 kernels to compute the gradient in the horizontal
and vertical directions. However, the Prewitt operator
employs a different weighting scheme, which makes it
more suitable for images with smooth intensity transitions
and significant noise. The Prewitt operator is often used
in applications such as industrial inspection and remote
sensing, where images may contain noise but require
reliable edge detection. While it is less sensitive to fine
textures compared to the Scharr operator, its noise
suppression capabilities make it a valuable tool in many
practical scenarios.

In summary, the four operators-Laplace, Sobel,
Scharr, and Prewitt-each exhibit unique characteristics in
the context of image edge detection. Considering the
specific requirements of this study, our primary focus is
on achieving high detection accuracy, while
computational speed is of secondary importance. After
comparing the various features of different operators, we
ultimately selected these four.

4 EXPERIMENTAL SETUP
4.1 Data Set Introduction

ICPR MTWI2018 data set is a network text data set
mainly composed of e-commerce images, which contains
a variety of fonts and scales of text. The data set was
collected and jointly calibrated by South China
University of Technology and Alibaba, including a total
of 10,000 available images of the label. The difficulty of
the data set detection is that the font is complex and
changeable, the text pixels cover from one bit to one
hundred bits, and there is complex background
interference. According to statistics, it is found that some
words appear less than 50 times in 10,000 images, which
undoubtedly brings great challenges to the detection task.

Due to hardware limitations, we randomly selected 3,000
images as the training set, 500 images as the validation
set, and 500 images as the test set after filtering out
images that did not meet the required specifications. This
partitioning ensures a balanced representation of text
variations and background complexities across the
training, validation, and test sets. To further enhance the
model's generalization ability, we applied data
augmentation techniques, including random rotation
(£15°), horizontal and vertical flipping, and random
cropping. These techniques help the model learn robust
features from limited data and improve its performance
on unseen samples. Fig. 4 lists some images of
ICPRMTWI 2018 dataset.

faca
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Figure 4 Example images from ICPRMTWI 2018 datasets

4.2 Evaluation Indicators

(1) Accuracy rate

The precision rate can also be regarded as 'precision
rate', which is interpreted as 'positive samples detected as
positive samples/all samples detected as positive samples',
and the formula is as follows:

P 7)

Precision=————
TP+ FP

Among them, 7P is the positive sample that is
correctly detected, and FP represents the negative sample
that is detected as a positive sample.

(2) Recall rate

The recall rate can also be regarded as 'recall rate',
which can be interpreted as ‘'detected positive
samples/number of all positive samples'. The formula is
as follows:

Recall = L (8)
TP+ FN

FN denotes the number of samples that are detected

as negative but are actually positive.

(3) F1_score

In fact, precision and recall are a pair of conflicting
evaluation indicators. If the model wants to detect more
text areas, if its detection performance is not qualitatively
improved, it can only rely on detecting more areas. The
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increase in the background area misjudged as text will
affect the precision rate, and vice versa. In order to
comprehensively consider the accuracy rate and recall
rate, and avoid being limited to a single detection index,
the F1 score is used as a comprehensive index. The
formula is as follows:

Fle 2 x Precisionx Recall 9)

Precision + Recall

4.3 Network Structure and Parameter Setting

In the feature extraction part of the EIEM-DBNet
model backbone network, the resnetl8 network was
selected and pre-trained. The feature input of the FPN
feature fusion network was set to 256 dimensions, that is,
the feature maps of different scales were unified into 64
dimensions before splicing. The optimizer uses Adam, the
initial learning rate is set to 0.001, the batch size is 4, and
the number of iterations is unified 80 times. The input
feature map is uniformly set at the size of 480 x 480.

5 ABLATION STUDY

Firstly, we analyze the difficulties of e-commerce
image detection and the disadvantages of existing models,
and know how to optimize the e-commerce image text
detection model. Fig. 5 shows the e-commerce image
detection map of the traditional DBNet model.

b @
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Figure 5 DBNet detection result

(a) Missed detection of small-scale Text. (b) Low-
contrast watermark text detection. (c¢) Background
structures misdetected as text: case 1. (d) Background
structures misdetected as text: case 2.

It can be seen from Fig. 5 that the normal structure of
the text and most of the art fonts have been successfully
detected, but there is more small-scale text in the 5a
image that is missed, and these texts occupy fewer pixels,
so the network can detect from these small texts. There

are also fewer text features in the text. In 5b, there are
more watermarked texts, which are lighter in color,
brighter in background, and lower in contrast between
text and background. Therefore, when extracting features,
the text features and background features of the
watermark text are mixed and difficult to distinguish. In
5c and 5d, there are structures similar to the text on the
background, and some structures are mistakenly detected
as text. This is also a major difficulty in text detection of
e-commerce images. Therefore, it is necessary to use the
edge feature extraction module to enhance the text texture
features and improve the contrast between the text and the
background area.

In order to verify the improvement of the
performance of the DBNet text detection model by the
edge information extraction module, the ablation
experiment was set up. The edge information extraction
module was added to the shallow network, the deep
network and the full-layer network respectively, and the
performance of the respective text detection models was
compared.

Among them, the network layer close to the original
e-commerce image is regarded as a shallow network, that
is, the network whose output of ResNet in the DBNet
network is reduced to 1/4 and 1/8 compared with the
original image is called a shallow network, and the
network whose output is reduced to 1/16 and 1/32
compared with the original image is called a deep
network. The full-layer network adds an edge information
extraction module in both shallow and deep networks.
The model obtained by 80 epoch training is verified on
500 test sets, and the results are shown in Tab. 1.

Table 1 Ablation experiment

Model Recall / % | Precision/ % | F1 score /%
DBNet 55.4 84.4 66.9
DBNet+Laplace
(shallow layers) 339 86.1 677
DBNet+Laplace 551 354 67.0
(deep layers)
+
DBNet+Laplace 56.2 86.7 68.2
(entire layers)

As shown in Tab. 1, after 80 epochs of training, the
recall rate of the original DBNet network reaches only
55.4%, while the accuracy rate is 84.4%. This indicates
that although the network detects incomplete text areas, it
is still effective at distinguishing detected text from the
background.

The addition of the Edge Information Extraction
Module (EIEM) in the shallow network yields more
significant improvements. The recall rate increases by
0.5%, and the accuracy rate improves by 1.7%,
demonstrating that the module enhances the network’s
ability to detect text features more clearly in the shallow
layers.

When the edge detection module is added to the deep
network, the recall rate decreases by 0.3%, but the
accuracy rate improves by 1.0%. This can be explained
by the fact that the deep network primarily learns high-
level semantic information from the e-commerce images.
After applying the edge detection operator to the high-
level features, the originally recorded information is
disrupted, leading to fewer detectable text areas and a
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decrease in recall. However, the reduction in misdetected
areas results in an improvement in accuracy, which
measures the proportion of correctly detected text areas
relative to all detected areas.

Adding the edge detection module to both shallow
and deep layers yields the best performance of the
detection model. The recall rate increases by 0.8%,
accuracy rises by 1.3%, and the harmonic average
improves by 1.3%. This is due to the feature fusion
module, which combines the shallow network's texture
features with the deep network's semantic information.
The simultaneous addition of the edge detection module
enhances both feature types during training. The changes
in average loss and harmonic mean are shown in Figs. 6
and 7. From Fig. 6, it can be seen that the average loss
value of the model decreases progressively with the
number of epochs. After 40 epochs, the loss stabilizes
around 0.6, with a slower decline rate thereafter. By 70
epochs, the loss value stabilizes. The Fl-score curve in
Fig. 7 shows that adding the edge detection module to the
deep feature extraction network impacts the high-level
semantic information. Initially, at epoch 1, the F1-score is
only 22.2, the lowest stability compared to other models.
However, when the edge detection module is added to
both the shallow and deep layers, the harmonic average
starts higher and remains more stable than other models.
In subsequent iterations, the model reaches its maximum
F1-score at around 70 epochs and tends to stabilize.
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Fig. 8 shows the comparison of the text detection

results of the model after receiving the optimization of the
edge detection operator. The first column is the original
DBNet model detection diagram. It can be seen that the
trademark is mistakenly detected as text in 8a, while it is
correctly detected as the background area in 8b. 8d is
more complete than 8c small-scale text detection. The
long text below 8f can be detected as a complete text line,
and the detection result is more accurate.
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Figure 8 Comparison of EIEM-DBNet model test results

(a) Trademark misidentified as text. (b) Trademark
correctly identified as background. (c¢) Incomplete
detection of small-scale text. (d) Enhanced detection of
small-scale text. (e) Detection result of long text. (f)
Complete detection of long text line

Multiple edge detection operators have been
developed in the field of image processing. In order to
verify the performance of different edge detection
operators, other edge detection operators are selected for
comparative experiments. The edge detection module in
the experiment is still designed in both shallow and deep
networks. In this section, Sobel operator, Scharr operator,
Prewitt operator and Laplace operator in the module are
selected for comparison. The results of ablation
comparison experiments are shown in Tab. 2. The
templates of the above operators are:

10 -1 121
Sobel, =2 0 -2 |Sobel,=|0 0 0 (10)
1o -1 -1 -2 -1
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-3 0 3 -3 -10 -3
Scharr, =| =10 0 10 |Scharr,=|0 0 0 (11)

-3 0 3 3 10 3

-1 0 1 -1 -1 -1
Prewitt, =| -1 0 1|Prewitt,=|0 0 0 (12)

-1 0 1 I 1 1

Table 2 Comparison of evaluation results of different edge detection operator

Model Recall / % | Precision/ % | F1 _score /%
DBNet 55.4 84.4 66.9
DBNet+Sobel 56.3 85.0 67.7
DBNet+Scharr 56.2 86.1 68.0
DBNet+Prewitt 55.6 86.7 67.7
DBNet+Laplace 56.2 86.7 68.2

After using Sobel operator and Scharr operator, the
recall rate is obviously improved, but compared with
Scharr operator, Sobel operator has no advantage in
accuracy. The mechanism of the two is the same, but the
Sobel operator is mainly anti-noise ability, and is not
sensitive to fine texture features, so its accuracy rate is
only increased by 0.6%. The Scharr operator amplifies the
overall weight coefficient, and the edge feature extraction
performance of the image has been greatly improved. The
accuracy rate has reached 86.1%, and the performance is
better than the Sobel operator. The Prewitt operator can
reach the optimal level in terms of accuracy, but the
computational cost of the operator is high. Therefore, in
comparison, the Laplace operator has achieved a balance
between recall and accuracy and is the optimal choice.

6 COMPARATIVE EXPERIMENTS

In order to fully illustrate the superiority of EIEM-
DBNet, under the premise of ensuring the same number
of training sets and test sets as other text detection models,
9000 images are selected for training and 1000 images are
tested. This section compares the model with other text
detection models. Tab. 3 shows the results of the
comparative test. The principles of CTPN, EAST, PSENet
and other networks have been stated in this chapter.
Faster-RCNN is an early network that achieves high-
precision object detection through second-order networks
and RPN. It is also a target detection network based on
region regression, but the target of this detection is text.
The CTPN model can only detect text in the horizontal
direction, and the detection effect is not good when facing
text with vertical or rotating angles, and the F1_score is
only 45.5%. The detection performance of Faster-RCNN
in the face of small text is not good, and the EAST model
is not good for long text detection. However, due to its
multiple extraction and fusion of features, the overall
performance is still better than the Faster-RCNN model.
On the whole, the performance of the text detection model
based on pixel segmentation is better than that of the text
detection model based on region regression. In order to
highlight the effect of the edge detection operator, this
chapter also uses TextRay [30] for an ablation study. This
model can perform top-down contour-based geometric
modeling and geometric parameter learning within a
single-shot anchor-free framework and can detect text of

any scale, shape, and orientation. From PSENet, DBNet,
TextRay and the model in this chapter, it can be seen that
EIEM-DBNet achieves a balance between recall rate and
precision rate after feature extraction by edge detection
operator, and F1_score achieves the best effect.

Table 3 Comparison of different text detection models

Method Recall / % Precision/ % | F1 score/ %
CTPN 38.5 55.7 45.5
Faster RCNN 514 60.3 55.5
EAST 55.6 65.4 60.1
PSENet 60.5 75.6 67.2
DBNet 59.3 88.1 70.8
TextRay 60.0 86.94 71.0
EIEM-DBNet 61.2 87.0 71.5

7 CONCLUSIONS

This paper proposes a text detection model EIEM-
DBNet combined with edge detection operators. Firstly,
we compare the current commonly used text detection
algorithms and analyze the characteristics of e-commerce
image text. Then, we analyze and select the basic model
DBNet for this chapter. The DBNet model is examined,
and its feature extraction module, feature fusion module,
and post-processing algorithm module are summarized.
An edge information extraction module (EIEM) is
proposed, and several different edge detection operators
are introduced. Relevant experiments are conducted to
analyze the impact of the edge information extraction
module's position and the influence of different edge
detection operators on text detection. The improved
EIEM-DBNet text detection model is compared with
other commonly used models, demonstrating significant
improvements in recall rate and accuracy rate, and overall
model stability.

Our preliminary research has focused on the
theoretical analysis of practical applications in e-
commerce, discussing this at a theoretical level. In the
future, we may apply our findings to real e-commerce
platforms such as Taobao, Tmall, JD.com, and Pinduoduo.
However, transitioning from theoretical research to
practical application requires substantial additional work,
including algorithm optimization, construction of diverse
datasets, integration with backend services, frontend
display integration, and considerations regarding privacy
and security.

Moreover, future research will extend to broader
application scenarios, including but not limited to text
image detection in medical images. These new
application contexts demand enhanced noise resistance
and computational efficiency from our models. Noise
reduction techniques in medical imaging play a crucial
role in improving image quality, assisting in diagnosis,
and treatment. Therefore, our next research focus will be
on enhancing the models' noise resistance and
computational efficiency. Additionally, we must address
privacy and security concerns to ensure that our
technology complies with relevant regulations and
standards.
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