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As a modern comprehensive information platform for integrated statistical analysis of
express shipments information and for express shipments management decision-making, the
express logistics track and trace system needs to use artificial intelligence (Al) technology
and image processing technology to automatically extract the text content of express
logistics documents. Existing express shipments information identification models usually
have problems such as less-than-ideal performance in detecting single characters or small
text regions of express logistics documents, high human resource cost for character-level
markup, and low speed and accuracy of text recognition. In response, this paper studies the
image-processing-based identification method of express logistics information. It presents a
recognition process for pre-processing text images of express logistics documents, along
with a detailed description of denoising, greyscaling and binarisation methods. While
proposing an enhancement strategy for Chinese characters in the section of handwritten
Chinese, this paper constructs a model for recognition of express shipping document texts
based on bidirectional long-short term memory (LSTM) and attention mechanism. In this
way, we fully mined key semantic information of express logistics document texts. The
experimental results verify the effectiveness of the constructed model.

1. INTRODUCTION

The production operations and information processing of
express logistics have been optimised and adjusted through the
trunk network to achieve informationisation of all phases,
including basic manual operations, sorting, sealing,
dispatching and delivery [1-4]. The "express logistics track
and trace system", which supports information-based
processing, has been successfully developed and updated to
break through the bottleneck of scattered network resources
that restricts the development of the express logistics industry,
while ensuring the competitive edge of the express logistics
network [5-11]. The informationization of express logistics
processing phases is urgently needed to expand the quality
monitoring function of express logistics management based on
the framework of the original express logistics track and trace
system. Accordingly, such practice replaces the manual input
of express logistics information into the computer, effectively
improving the timeliness of express logistics information
identification and the quality of the whole real-time track and
trace service [12-19]. As a modern comprehensive information
platform capable of carrying out integrated statistical analysis
of express logistics information and management decisions, it
entails artificial intelligence (Al) technology and image
processing technology to automatically extract the text content
of express logistics documents [20-23].

To effectively improve the text image recognition accuracy
of logistics documents, Wu et al. [24] used canny algorithm to
process edge detection of text, and k-means algorithm for
cluster pixel recognition. This unique combination combined
with maximally stable extremal region and optimization of
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stroke width for image text yields better results in terms of
recognition rate, recall, precision, F-score and accuracy. Wang
and Zhang [25] offered an enhanced intelligent picture text
recognition algorithm based on the intelligent image text
recognition method to increase the impact of English image
text translation. Texture blocks of adaptable size were used to
successfully increase the accuracy and efficiency of
restoration due to the varying texture information present in
various photos. Tamilselvi et al. [26] was intended to design a
novel text recognition using digital images taken from any
camera with a set of different pixel densities. A Logical Text
Classification Strategy (LTCS) was introduced to perform an
effective text recognition process using digital images.
Manzoor and Singla [27] presented the development of a
computer system that allows the recognition of handwritten
text based on image processing techniques, artificial
intelligence, artificial neural networks, and pattern recognition
for natural and handwritten text recognition systems. In the
proposed system the handwritten text is recognized with
precision of 0.81 or higher. Zhu et al. [28] developed the
recognition network based on transformer (RNBT). The
transformer adopted encoder-decoder framework but
discarded the RNN unit. The authors also modified the loss
function to improve the problem that the encoder-decode
framework gets bad recognition performance on images that
has longer text length than images in training set.

Existing express shipments information identification
models usually have the following problems: (1) less-than-
ideal performance in detecting single characters or small text
regions of express logistics documents; (2) high human
resource cost for character-level markup; (3) low speed and
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accuracy of text recognition. In response, this paper studies the
image-processing-based identification method of express
logistics information. Chapter 2 presents a recognition process
for pre-processing text images of express logistics documents,
along with a detailed description of denoising, greyscaling and
binarisation methods. While proposing an enhancement
strategy for Chinese characters in the section of handwritten
Chinese, this paper constructs a model for recognition of
express shipping document texts based on bidirectional long-
short term memory (LSTM) and attention mechanism. In this
way, we fully mined key semantic information of express
logistics document texts. The experimental results verify the
effectiveness of the constructed model.

2. IMAGE PRE-PROCESSING FOR TEXT
RECOGNITION OF EXPRESS LOGISTICS
DOCUMENTS

Figure 1 gives a recognition process for pre-processing text
images of express logistics documents. Due to environmental
reasons, some noise is usually mixed during the acquisition,
processing and transmission of express logistics document text
images, resulting in blurring and blocked features of express
logistics document text images, which makes the text analysis
more difficult. In this paper, before carrying out the
recognition of such text images, they are denoised based on
mean filtering.

Input express logistics document text images
pending recognition

l

Image denoising

I

Image greyscaling

I

Image binarisation

I

Segmentation into single Chinese characters

I

Size normalisation of single Chinese
character images

!

Text recognition of express logistics
documents

Figure 1. A recognition process for pre-processing text
images of express logistics documents

Mean filtering assigns a template to the text image pixels of
the express logistics documents pending processing. The
template covers the neighbouring pixels, replacing each pixel
value in an image with the mean value of all pixels within the
template. Assuming that the pixel value pending processing is
represented by F’s and the processed pixel value by Fo, Eq. (1)
gives the expression for the coefficients of mean filtering:
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As the text recognition of handwritten express logistics
documents has little to do with the image colour, in order to
simplify the pre-processing operation process and reduce the
complexity of image processing and analysis, this paper
carries out a simple greyscaling, i.e., using the global
thresholding method to smooth and refine the image.
Assuming that each pixel value in a text image of the express
logistics documents is represented by g(c,d), the global
threshold is represented by O, and the processed pixel values
are represented by /(c,d), then the computational equation is
given by:

h(c,d):{zss, If g(c,d)>=0 o

0, Otherwise

Since the size of the region for handwritten Chinese
characters is unknown in such text images pending recognition,
there are differences in the size of different characters
generated by direct handwritten Chinese character
segmentation. Therefore, this paper normalises the size of the
handwritten text region in such text images by discrete
function approximation of the greyscale values of all the pixels
in the handwritten text region based on interpolating, in order
to obtain the pixel values of each coordinate point after the size
change of different Chinese character regions. Assume that K
represents the length of the original text image in the c-axis
direction, K’ represents the length of the normalised text image
in the c-axis direction, Q represents the length of the original
text image in the d-axis direction, and Q' represents the length
of the normalised image in the d-axis direction. In terms of the
interpolation method, the two points (¢', d) and (¢, d) before
and after image normalisation must satisfy the following
equation:

)

The nearest neighbour interpolation of greyscale values
rounded to obtain binarised coordinate values does not work
very well in many cases for size normalisation of images.
Therefore, this paper introduces a bilinear interpolation
method, i.e., a calculation based on the pixel values of the four
pixel dots surrounding the pixel dot pending processing.
Assume that g(i, j) represents the pixel values at (i,j) in the
original text image.

g(i+v,j+u)=(1-v)(1-u) f (i, D+(1+v)ug (i, j+1) A
+W(L-U) g (41, )+ vug (i+1, j+1) @
First, in the direction of the c-axis, two pixel dots N, and N,
of the original text image are interpolated to obtain pixel dot
M,, and two pixel dots N3 and Ny are interpolated to obtain
pixel dot M>. The formula for interpolation in the c-axis is:

c,—C
c,—cl

g(Ml):

g(N,)+

)



c,—¢C

c—C
~ +—1
C,—C

g(Mz) c —c
2 1

g(N;) g(N,) (6)

The interpolation of the W pixel dot according to M; and M,
is then performed on the d-axis by the formula:

aW)~ S d 0 (Ma)+ S =g (M) (7
A conjunction of equations 5, 6 and 7 gives:
o 9(N:) 9(N.)
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3. TEXT FEATURE EXTRACTION FOR EXPRESS
LOGISTICS DOCUMENTS

In order to realize the full mining of key semantic
information of express logistics document texts, this paper
proposes an enhancement strategy of Chinese characters in
handwritten text region and constructs an express logistics
document text recognition model based on bidirectional
LSTM and attention mechanism. Figure 2 gives a schematic
diagram of the text recognition process of express logistics
documents. The model further enhances the utilisation of key
Chinese character information by individually performing
repetitive feature extraction of key Chinese characters in
handwritten text regions. Meanwhile, to strengthen the feature
information that is important for the recognition of Chinese
characters in handwritten text regions in the text sequences of
the input express logistics documents, the model introduces an
attention mechanism that weakens the feature representation
of irrelevant information in handwritten text regions. Finally,
the image features extracted by the bidirectional LSTM and
the attention mechanism are fused in a stitching approach to
complete the new feature representation of the express
logistics document texts.

The model in this paper is to extract features from key
Chinese characters in original express logistics document texts
and handwritten text regions respectively. Next is an
elaboration on the algorithm process for original express
logistics document texts. Assume there is an original express
logistics document text sequence. {0%, Q%, 0%,....Q°n}
represents the word vector transformed from the word
embedding layer, F¢ ={f¢, f%...,fn}represents the feature
output of the express logistics document texts obtained by
using a bidirectional LSTM network, and FCeR¥»™™, f¢cR¥",

yn represents the dimension of the hidden layer vector of the
LSTM network, and m represents the input sequence length of
original express logistics document texts. The attention weight
pairs of the express logistics document text sequences are then
obtained based on the attention mechanism. We calculated the
attention scores of each Chinese character using the tanh
function as follows:

Fo={f 5. T} (9)
f°={F°:F°} (10)
u =tanh(Qf° +a) (11)

The results are then further normalized based on the softmax
function to obtain the corresponding weight distribution €.

¢ = softmax(u; ) 12)

Assume that f¢ represents the features output from the
bidirectional LSTM network. Finally, information weighting
is applied to f based on attention weights to obtain the deep
semantic features of express logistics document texts f<°:

=3 B, (13)

Similarly, the key Chinese character sequences of
handwritten text regions are extracted based on the features of
the bidirectional LSTM network, and the feature output is
obtained by FP={fPy, f°,,..., P}, FPeR¥™ fPcR¥" represents
the length of the key Chinese character sequence, and the
dimension of the output vector vy, is kept consistent with the
output dimension of the original express logistics document
text sequence. f°, which represents the semantic feature of the
key Chinese characters in handwritten text regions, can be
obtained by information weighting with the attention
mechanism. We then spliced and fused the feature
representations of the two parts of the express logistics
document text sequence to finish constructing new features of
the express logistics document texts, denoted as v=[f®, "],
veR®", Finally, we finished the recognition of Chinese
characters in handwritten text regions for v based on a softmax
classifier.
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Figure 2. Schematic diagram of the text recognition process for express logistics documents
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Figure 3. Architecture of text recognition model for express
logistics documents

The text recognition model for express logistics documents
based on bidirectional LSTM and attention mechanism
consists of five layers: input processing layer, semantic feature
extraction layer of document text, attention mechanism layer,
semantic feature fusion layer of document text, and Chinese
character classification layer of handwritten text region.
Figure 3 gives the architecture of the text recognition model
for express logistics documents.

For an express logistics document text containing m words
C={ci1, ¢, c3,..., cm}, the word embedding layer maps each
word ¢; in the original express logistics document text to a
word vector ¢¢; based on a real number representation, and the
key Chinese characters in handwritten text regions contain |
words P={pa, p2, pa,..., pi}. Similarly, each of these words pj is
mapped to a word vector g°;. Qe R denotes the completed
word vector matrix obtained after the word embedding layer
processing, where the dimension of word vector is denoted by
y and the dimension of lexicon is denoted by |u|. Then the
original express logistics document text is processed through
the word embedding layer as a matrix CeRY™ constructed
from g% Each word p; in the key Chinese characters in
handwritten text regions is also processed as a matrix PeRY*
constructed from g, and g% and gf can be obtained through
the word vector matrix Q.

The original express logistics document text sequences are
mapped through the word embedding layer as word vectors
with shallow semantic information C={q%,9%,9%...,9°n}, and
the key Chinese character sequence of handwritten text
regions is mapped as P={0"1,0"2,0....q"}. Suppose f
represents the semantic features obtained after model
processing, and f*° represents the corresponding document text
features after feature extraction and feature enhancement.
Satisfying f*eRY" and fP°<RY", f° and °° are spliced and fused
to form a semantic feature representation matrix N satisfying
N=[f:fPb], NeR?>9",

To further enhance the semantic information utilisation of
original express logistics document text with key Chinese
character information in handwritten text regions, this paper
uses a self-attention mechanism to achieve feature fusion at
the semantic level of express logistics document text. Below
is a detailed description of how the attention weights are
calculated based on the self-attention mechanism.
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f* and " are obtained based on the semantic feature
extraction layer, and the output of both is collapsed into a
matrix N=[f**;f**], Ne R>*". In the computational framework of
the self-attentive mechanism, the query O=N7, the keyword
K=N and the value V=N. Firstly, the relevance of each vector
in the K and Q matrixes is quantified by a multilayer
perceptron g. The computational result is represented by AR;;.

AR, =09(K..Q)) (14)

Next, the correlation matrix constructed by AR; was
normalized using the softmax function to obtain the attention
weight matrix AR:

AR = Softmax(tanh(Qr N° +a’) (15)

The fused semantic feature representation matrix N' can be
obtained based on the 4R dot product weighting operation on
N, represented by N'=[n:n:], and the feature fusion process is
represented by the following equation:

N'=AT®N (16)

Suppose the parameters to be trained are denoted by O and
a, and the dimensions of AR, O, a are denoted by AReR*>?,
NeR¥™ (QreR*", y"eR¥? respectively. By splicing the
vectors n; and n, in N, we can obtain the semantic feature » in
the form of vectors for the text of express logistics documents,
which can be expressed as n = [, n2], neR¥".

In the semantic feature fusion layer of document texts, the
model fuses and stitches the features of f** and f** through a
self-attentive mechanism to form a feature representation n of
the express logistics document text, which can be used as the
Chinese character classification features in the handwritten
text region pending processing in the classification layer.
Assuming that the string generation function is represented by
I1, we have

n=Ti[n,n,] (17)

The final recognition of the Chinese characters in
handwritten text regions is done by the softmax classifier, as
shown in equation 18.

d=Qs+a (18)
Assume that the number of categories to be classified is
denoted by X, QeR¥, deR”, and the dimensionality of the

semantic feature vector is denoted by y. Equation 19 gives the
corresponding category probability distribution.

exp(d”)

& T (19)
Zx:l(d )

5. EXPERIMENTAL RESULTS AND ANALYSIS

Figure 4 shows the effect of pre-processing the text of an
original express waybill. It can be seen that after denoising,
greyscaling and binarisation, the text image of the original



waybill presents a much better clarity, and the contrast
between the handwritten text and the background region has
also improved.

Figure 5 shows the effect of different word embedding
methods on the performance of the models for the text
recognition of express logistics documents, specifically the
Neural Network Language Model (NNLM) model (1), C&W
model (2), Continuous Bag of Words (CBOW) model (3), and
Skip-gram model (4).

According to Figure 5, using the four word vector models
as the word embedding layer of the express logistics document
text recognition model will have a great impact on the model's
recognition of the semantic information of the express
logistics document text. Using the Skip-gram model to
initialise the express logistics document text sequence can
result in an accuracy of over 80% for the express logistics
document text recognition of the constructed model, while the
recognition accuracy of other word embedding methods is
significantly lower. Therefore, this paper uses the Skip-gram
model to initialise the text sequences of express logistics
documents.
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Figure 4. Pre-processing effect of text images of an express
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Figure 6 shows the detection of handwritten text regions by
the optimally trained model, with the handwritten text regions
marked by the green boxes. According to figure 6, the model's
handwritten Chinese text detection is already quite satisfactory
and can detect almost all of the handwritten Chinese text
regions, with good detection results as well for the smaller
numeric regions.

The model in this paper is compared with five popular text
recognition models, namely CRNN, Rosetta, STAR-Net,
RARE and SRN. Three metrics, Precision, Recall and H-mean,
were chosen to evaluate the performance advantages and
disadvantages of the above models on the text image set of
express logistics documents. Table 1 shows the performance
of different models for handwritten text region recognition.
According to the table, the overall performance of the model
constructed in this paper is the highest, achieving a high level
of text detection for express logistics documents. Thanks to the
introduction of bidirectional LSTM and attention mechanism,
the model in this paper has a higher accuracy, recall and H-
mean value compared to the five other models.

Table 1. Performance of different models for handwritten
text region recognition

Sequence number of experimental modelPrecision Recall H-mean

1 0.8142 0.7159 0.7418
2 0.8629 0.8251 0.8263
3 0.8025 0.8316 0.8825
4 0.9596 0.9582 0.9152
5 0.9171 0.9417 0.9645
Model in this paper 0.9514 0.9624 0.9271
10
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——Model in this paper
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150 200
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Figure 7. Results comparison of loss values for different
models
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According to the predetermined experimental design of
effectiveness comparison with the introduction of
bidirectional LSTM and attention mechanism, the loss values
and accuracy rates of the three models that completed the
training before and after the introduction were counted and
summarized over 350 training cycles. Figure 7 gives the
results comparison of loss values of different models: (1)
shows the change in loss values of the models over 350
training cycles; (2) shows the change in loss value of the model
from 100 to 350 training cycles. Reference model 1 is the
model before the introduction of bidirectional LSTM, and
reference model 3 is the model before the introduction of
attention mechanism. According to Figure 7, the convergence
speed and loss value oscillation of the model constructed in
this paper are more satisfactory. Figure 8 gives the results
comparison of the recognition accuracy of different models.
According to the figure, the recognition accuracy is
significantly higher than that of the model before the
introduction of the bidirectional LSTM and attention
mechanism.

6. CONCLUSION

This  paper studies the image-processing-based
identification method of express logistics information. It
presents a recognition process for pre-processing text images
of express logistics documents, along with a detailed
description of denoising, greyscaling and binarisation methods.
While proposing an enhancement strategy for Chinese
characters in the section of handwritten Chinese, this paper
constructs a model for recognition of express shipping
document texts based on bidirectional long-short term
memory (LSTM) and attention mechanism. In this way, we
fully mined key semantic information of express logistics
document texts. The experimental results show the
effectiveness of the constructed model in this paper on pre-
processing original express logistics document texts. This
paper presents the impact of different word embedding
methods on the model’s performance of the text recognition of
express logistics documents. The Skip-gram model is chosen
to initialise the text sequence of express logistics documents.
The paper shows the effect of the trained-to-optimal model on
the detection of handwritten Chinese text regions. We saw that
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the model delivers moderately satisfactory results in the
detection of handwritten Chinese texts. The results
comparison of the loss values and recognition accuracy of
different models are given to verify the effectiveness of the
constructed model.
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