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Abstract—With the widespread use of containers, the demand for
Container Marking Detection and Recognition (CMDR) is gradu-
ally increasing. The use of deep learning algorithms can greatly im-
prove the efficiency of marking detection and recognition. However,
there is still a lack of research on CMDR in both academia and in-
dustry, resulting in the current task being completed manually and
inefficiently. In this paper, we probe into the importance of data-
driven and task paradigms for CMDR tasks. Firstly, we constructed
an open large scale container surface marking text dataset called
ContainerText. This dataset consists of 12 k high-resolution images
and provides two types of annotation information: bounding box
used for detection and text for recognition tasks. In addition, we
also propose an efficient semi-automatic annotation method based
on deep learning, which reduces the cost of manual annotation.
Subsequently, we have innovatively proposed a CMDR method
combining Scene Text Recognition (STR) with CMDR tasks. The
method based on STR can locate and recognize container marking
from a fine-grained level. We conducted a comprehensive series of
experiments on the ContainerText dataset using state-of-the-art
(SOTA) scene text detection and scene text recognition models.
The experimental results demonstrate that the CMDR method,
based on STR, exhibits exceptional adaptability and feasibility. All
experimental results obtained from the ContainerText dataset will
act as performance benchmarks for future researchers. Finally,
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an automated Container Marking Image Acquisition Mechanism
(CMIAM) are construucted, which can effectively avoid complex
lighting in the workshop environment and achieve high-quality
and automated image acquisition. We have conducted extensive
experiments to measure the distance, resolution, and field of view
required for clearly capturing container markings. Our research
providing reference for future CMDR research from task solution
and hardware selection.

Index Terms—Container marking detection and recognition,
deep learning, scene text dataset, scene text recognition.

I. INTRODUCTION

CONTAINERS are crucial carriers in modern transportation
methods. With the maturity and widespread application

of deep learning technology [1], [2], [3], [4], [5], deep learning
based methods have gradually gained favor from practitioners in
various fields. In language processing, [6] proposed a Quantum-
inspired Multimodal Sentiment Analysis (QMSA) framework,
which was used to sentiment analysis. The experimental results
demonstrate that the proposed framework outperforms a number
of state-of-art algorithms. On the other hand, the field of com-
puter vision has also introduced a large number of deep learning
based methods for image processing. Ref. [7] introduced an
integrated learning approach for low-light image enhancement.
Firstly, VIT low-light enhancement sub-network provide lo-
cal high-level features through a full-scale architecture, then
the complementary learning sub-network is utilized to provide
global fine-tuned features through learning transfer. Ref. [8]
proposed a Transformer-based Generative Adversarial Network
(Transformer-GAN), which used multi-head multi-covariance
self-attention (MHMCA) and Light Feature-Forward Module
structures (LFFM) for low-light images enhancing. The above
two works effectively solve the performance degradation caused
by low light shooting environment on industrial and civilian
devices. In biomedicine, deep learning is also used in gene
related research. Ref. [9] proposed multiscale convolution with
self-attention networks (MCANet) to predict the Polyadenyla-
tion [Poly(A)] signal. This research has made significant contri-
butions to understand the mechanism of translation regulation
and mRNA metabolism. Guo et al. [10] presented a variational
gated autoencoder-based feature extraction model for inferring
disease-miRNA associations. In the field of containers, deep
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learning has also been applied to tasks such as container surface
corrosion detection [11] and sealing detection [12], [13]. At
present, the working methods of most CMDR are still not
intelligent and require a lot of manual operations, which can-
not meet the rapid growth of container usage and throughput.
Obviously, the CMDR urgently needs to combine with artificial
intelligence to reduce labor costs and improve work efficiency.
What’s more, the application of deep learning technology in
CMDR task can overcome the limitations of manual tasks (e.g.
safety issues, physical issues). Unfortunately, there is still a lack
of dataset on container marking in both academia and industry
at present, which hindering the application of deep learning in
CMDR tasks seriously as deep learning being a data-driven
technology. Ref. [14], [15] have conducted in-depth research
on container code detection and recognition, and have made
excellent progress. But the dataset they used are still private and
lacks annotations for other markings except the container code.

To facilitate the integration of CMDR and deep learning, we
have constructed an open large-scale text dataset called Contain-
erText, specifically designed for container markings. The dataset
consists of more than 9,000 training images and more than
3,000 test images. These image inside the ContainerText dataset
were captured using different devices in different scenes, with
resolutions of 1920 × 1080 or higher, demonstrating rich diver-
sity and data generalization capabilities. The annotation process
of ContainerText datasets requires a great deal of time and
energy. We propose a semi-automatic annotation method so as
to quickly and accurately label container text. This method uses
pre-trained neural networks for auxiliary annotation, combined
with incremental learning and transfer learning to fully utilize
the new data generated by annotation, effectively improving the
speed and accuracy of annotation.

On the other hand, the numerous types of container marking,
extensive customization of markings, and substantial variations
in text content within these markings have rendered conventional
image classification and object detection methods incapable
of accurately distinguishing markings. Distinct container type
codes, namely “22G1” and “45G1”, exhibit high similarity in
appearance features such as shape, size, and color. Despite their
visual resemblance, these codes convey entirely different seman-
tic information. Coarse-grained classification methods often er-
roneously categorize “22G1” and “45G1” type codes as the same
class due to their similar appearances. In contrast, our method
based on STR adeptly discerns the nuances between the two by
recognizing finer-grained textual details. Technically, we em-
ploy the STR method to locate and recognize the text in container
marking. Compared with simple classification methods, text
recognition can recognize marking at a more fine-grained level,
avoiding mis-classification caused by different text contents in
the same marking. We conducted extensive experiments on the
containertext dataset using SOTA text detection and recognition
models. The experimental results demonstrate the exceptional
adaptability and feasibility of the presented method.

During data acquisition, the complex workshop background
and chaotic illuminants seriously affect the quality of the col-
lected images. Therefore, we built an intelligent CMIAM on
the container production line, which is composed of wide-angle

Fig. 1. Proposed CMDR system. Image acquisition component of the CMDR
system comprises infrared sensors, cameras, and adjustable illuminant, collec-
tively referred to as the CMIAM. The CMDR method, which is based on STR, is
implemented in the Data Center. Once the images collected by the CMIAM are
transferred to the Data Center, they undergo a series of processes including data
preprocessing, marking localization, text recognition, and output the recognition
results ultimately. System possesses the capability to autonomously perform
CMDR tasks, provide visual representations of CMDR results, and store records.

cameras, telephoto cameras, infrared sensors and adjustable
illuminant. The CMIAM can shield the surrounding environ-
ment that is not conducive to collecting high-quality images and
achieve the intelligence and automation of CMDR tasks. With
the CMIAM, we can automatically collect relevant images of
container marking.

The CMDR system is composed of the CMIAM and the STR
based CMDR method. Fig. 1 shows the details of the CMDR
system. All experimental data on the ContainerText dataset and
key parameters of CMIAM will be made public. This research
presents the following key contributions.

1) An open large-scale dataset named ContainerText is
constructed for CMDR, which comprise 12,000 high-
resolution images captured in real world. As far as we
know, this represents the largest and the most varied
publicly available dataset of container scene text. In order
to efficiently and accurately complete data labeling, we
proposed a semi-automatic annotation method that serves
as a foundational annotation framework. It is adaptable to
prevalent deep learning annotation tasks.

2) A STR based method is proposed for fine-grained CMDR,
which can avoid errors caused by coarse granularity in im-
age classification and object detection. Besides, a CMIAM
is built for achieving high-quality and automatically con-
tainer surface image acquisition and CMDR tasks. The
proposed CMDR system consist of the STR based CMDR
method and the CMIAM, which realized the intelligence
of CMDR tasks and reduced the cost while improving
work efficiency.

3) We verified the feasibility of the STR based CMDR
method through extensive experiments using the SOTA
model on the ContainerText dataset. The experimental
results from the ContainerText dataset can be used as a
performance benchmark.
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II. RELATED WORK

In this part, we will present commonly used scenario text data
in academia and analyze the characteristics of these datasets.
Secondly, we will comprehensively review the development of
scene text detection and recognition techniques.

A. Scene Text Datasets

Scene text exhibits diverse text styles, background noise,
text distortion, multi-scale text, and multilingualism. For doc-
ument analysis competitions, Karatzas et al. introduced IC-
DAR2013 [16] and ICDAR2015 [17], which offer word-level
annotations. Images in these datasets are natural scene and the
annotation information can be available for text detection and
recognition. Though these datasets widely used in STR research,
it cannot be well generalized to various scenarios as theirs
small scale. In order to address the high demand for data in
neural network training, Gupta [18] et al. introduced a massive
synthetic text dataset. The dataset utilizes natural images as
background images and overlays synthesized text onto them,
comprising over 0.85 million images. In the past few years, more
and more challenging datasets have been proposed to solve more
complex STR problems. Total-text [19] and CTW1500 [20]
datasets are intended for the curve text task. These datasets
consist primarily of images featuring clearly visible trademarks
or signboards that contain at least one curved text. Polygon
annotations are provided for these images. In addition, Singh
et al. [21] have developed an arbitrary-shaped scene text dataset
called TextOCR. This dataset comprises over 28 k images, where
the text is oriented in multiple directions. For multi-lingual STR
tasks, ICDAR2017-MLT [22] and ICDAR2019-MLT [23] are
natural scene text dataset with up to 9 or 10 different scripts,
including chinese, english, arabic etc. The rectangle annotation
used for text localization and the word-level annotation used for
text recognition.

The power of deep neural networks in feature extraction has
significantly facilitated the widespread implementation of scene
text detection and recognition techniques in the industry. How-
ever, the aforementioned datasets are limited to natural scene
texts, highlighting a scarcity of available open-source datasets
in the realm of CMDR. Some researches in the transportation
industry construct container number dataset and use STR tech-
nology for container number recognition. But these data are
private and small scale, which only including the annotation
of container number and ignoring the rest markings that on the
surface of container. To address the CMDR task and advance
deep learning in container-related fields, we have introduced
a container dataset of unparalleled scale called ContainerText.
Table I illustrates a comprehensive comparison of the dataset
scale between the ContainerText dataset and other scene text
datasets.

B. Deep Learning Based Scene Text Technologies

STR is a development branch of Optical Character Recogni-
tion (OCR) task. In contrast to OCR, STR has transitioned from
recognizing text in scanned electronic documents to identifying

TABLE I
CONTAINERTEXT VS OTHERS STR DATASETS

text in real world scenes. Although the scene and difficulty
of the task may vary, character recognition typically involves
a task flow that begins with using a text detector to identify
text regions in the image on a line-by-line basis. Subsequently,
the detected text lines are forwarded to the text recognizer
for character recognition. Therefore, the task of STR can be
further classified as two components: Scene Text Detection and
Scene Text Recognition. In the past few years, deep neural
networks have gained significant attention in the STR field due to
their strong anti-interference capabilities and advanced feature
learning.

Text Detection based on Deep Learning (DL) can be classi-
fied into two main methods: regression based and segmentation
based. The regression based methods incorporates concepts
from object detection, where text shapes and locations are
represented as vectors through parameterization methods for
regression. TextDCT [24] converts the text instance mask to
the frequency domain through discrete cosine transform (DCT),
extracts low-frequency components to represent the text instance
mask, and finally simultaneously predicts the text instance con-
fidence, text region coordinates, and mask vectors transformed
by DCT. CT-Net [25] combines the idea of two-stage regression,
first performing rough regression on the text area, then learning
the offset of the text area boundary through contour refinement
modules for fine regression, and finally generating the bounding
box of the text area. LRANet [26] propose a parameterized text
shape method. It represents text shapes by leveraging a lin-
ear combination of eigenvectors learned from arbitrary-shaped
text contours. For another, the idea of segmentation based
methods originates from semantic segmentation, which firstly
modeling text instances with pixel-level classification masks,
and then formed them into text boundaries through specific
post processing. Ref. [27] used Fully Convolutional Networks
(FCN) to classify text regions at the pixel level, which was
an early application of segmentation ideas to text detection.
Ref. [28] first segments pixels in the same instance by linking
them together, and then directly extracts text bounding boxes
from the segmentation results without positional regression.
Ref. [29] proposed using learnable thresholds instead of fixed
thresholds to binarize the segmentation maps predicted by the
model, effectively improving the detection accuracy of text
instances.
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Text Recognition usually needs to first locate the potential
text area by Text Detection, then recognize each character of the
text through the word recognizer, and finally form a string by
combining character sequences. In previous studies [30], [31], a
common approach is to extract features from text regions using
Convolutional Neural Network (CNN). Subsequently, BiLSTM
was employed to capture contextual information between char-
acters, and finally, a string sequence was decoded through pre-
diction of the transcription stage using CTC Loss [32]. However,
this method is complex and cannot effectively identify distorted
characters such as deformed and blurred characters. Recently,
there has been significant attention given to encoder-decoder
based auto-regressive methods due to their outstanding perfor-
mance. Ref. [33], [34], [35] propose to transform the recognition
process into an iterative decoding process. This method greatly
improves the recognition precision of distorted characters, but
reduces the inference speed. To enhance the model’s speed with-
out compromising its recognition rate, researchers use complex
training paradigms but use simple models for inference. Ref. [36]
used attention mechanisms and graph neural networks to assem-
ble sequence features corresponding to the same feature. When
reasoning, attention to the modeling branch is ignored in order to
balance performance and speed. Ref. [37] introduced a character
level closed learning approach to enhance language proficiency
in visual models. When reasoning, only visual models are used to
improve model speed. Ref. [38] presented parallel decoding de-
coder that perceives context variables using dedicated designed
counting and ordering modules and losses.

III. CONTAINERTEXT DATASET

This part begins with a detailed description of the proposed
ContainerText dataset, followed by an analysis of its data char-
acteristics and challenges. Then we will introduce the annota-
tion method used for this dataset. Finally, we will analyze the
widespread use of our proposed dataset in the container industry
from a practical application perspective.

A. Dataset Description

The performance of deep learning is significantly impacted by
dataset scale and annotation quality. When data are insufficient,
a model is prone to overfit. Poor annotation quality will seri-
ously affect the quality of models feature learning. Both of the
above situations will severely limit the model performance and
its scenario generalization ability. Therefore, high-quality and
large-scale datasets are crucial for neural networks. However,
at present, a large-scale dataset encompassing annotations for
container surface marking text is lacking. This has led to the
inability to make progress in deep learning in CMDR and other
related fields. Consequently, we have proposed a comprehensive
ContainerText dataset at a large scale, along with annotations for
text detection and recognition of container markings. The dataset
is comprised of 12 K high resolution real world container images
with text scripts and bounding box annotations. In order to
ensure strong generalization of the dataset, images with various
devices, resolutions, and angles were captured and collected.
Specifically, this dataset: 1) collected container images under

TABLE II
SCALE DISTRIBUTION OF TEXT INSTANCES IN CONTAINERTEXT DATASET

both day and night lighting, 2) used different equipment to
capture distorted and undistorted images, 3) captured complete
container surfaces and a portion of container surfaces from
different angles, and 4) multiple resolutions of images were
collected, with a minimum resolution of 1920 × 1080. Fig. 2
displays examples of the proposed ContainerText dataset. We
have annotated texts of different scales on the containers, which
mainly comprise numbers, english, punctuation marks, as well
as a small number of chinese characters and mathematical
notations. All images and annotations have undergone multiple
manual cleaning and auditing to ensure their quality. In terms of
data characteristics and task challenges, the container’s uneven
surface causes distortion and occlusion of the text, which poses
significant difficulties for text recognition. Examples of the text
found in the proposed dataset are displayed in Fig. 3. Addition-
ally, the repetitive textures on the surface of containers cause in-
terference effects on text detection, and like many text detection
datasets, ContainerText also has characteristics of multiscaling.
Table II analyzes the scales distribution of text instances in the
ContainerText dataset. Thus, employing a diverse ContainerText
dataset for training neural networks can significantly enhance
the model’s universality and and its generalization for different
usage scenarios.

B. Semi-Automatic Annotation Method

Semi-automatic annotation, assisted by a pretrained model
that has undergone training for a similar task, is currently a
new method of annotation. Ref. [39] introduced a novel semi-
automatic annotation method that leverages active learning and
self-paced learning techniques to expedite data labeling and
minimize associated expenses. However, for container mark-
ing text, the performance of numerous open-source pretraining
models currently used in academia is subpar due to the scarcity of
comparable training data. For addressing the issue of the current
open source models’ poor performance on ContainerText, we
implemented an incremental learning [40] annotation approach,
fully utilizing the new container marking data generated by the
labeling process. Fig. 4 outlines the annotation process in detail.
Initially, DBNet [41] and SVTR [42] trained on large-scale STR
datasets were used to automate annotation. Most of the marking
text in the container images will be roughly labeled, but the
automatically labeled scripts and bounding boxes still need to be
adjusted and filtered. Afterwards, the annotation results undergo
manual review and modification. This process requires checking
the text of the automatic annotation and the correctness of the
bounding box, as well as making corresponding adjustments.
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Fig. 2. Example images of ContainerText dataset. We captured over 20 types of containers from different lighting, angles, and resolutions. (a)–(d) were collected
in the container stacking area of the factory. (e) and (f) were collected in the production line inside the factory. (g) and (h) were collected in a video of the customs.

Fig. 3. Different container markings in ContainerText. The most prominent
feature is the deformation and multi-directional text caused by wavy surfaces.
In addition, there are also blurry text caused by small size markings.

Fig. 4. (a) Flowchart of incremental learning based semi-automatic annota-
tion. (b) The annotation result of pretrained DBNet prediction. (c) The annotation
result of manual fine-tuning.

Subsequently, the reviewed data are merged in proportion with
the STR datasets, creating a mixed subset for fine-tuning the
DBNet. It is important to note that when we combine the newly
labeled data with the data use for pretraining in equal proportion

TABLE III
COMPARISON OF ANNOTATION TIME BETWEEN FULLY MANUAL ANNOTATION

AND SEMI-AUTOMATIC ANNOTATION

for fine tuning, we will freeze the parameters of the model’s
backbone according to the transfer learning method [43]. The
reasons are as follows: 1) by freezing the backbone network, we
can preserve the pretraining model’s excellent feature extraction
ability and prevent catastrophic forgetting [44] of the pretraining
knowledge during the fine-tuning process. 2) backbone accounts
for most of the parameters of the entire model, and freezing
backbone fine-tuning can maximize saving the time-cost and
computational resources of the fine-tuning process. This strategy
reduces the expense of manual annotation while maximizing
efficiency. Table III compares the time cost of fully manual an-
notation with our proposed semi-automatic annotation method.
The mixing ratio experiment will be presented in Section V-C.

C. Downstream Application of ContainerText Dataset

1) Container Object Detection: It was recognized as a fun-
damental task in the domain of containers for deep learning
applications, container object detection aims to accurately locate
containers within images while mitigating complex background
interference. The proposed ContainerText dataset is an open-
world dataset for capturing container images containing a large
number of real-world backgrounds. Therefore, the images in
the dataset are suitable to both training and evaluating container
object detection.

2) Container Damage Detection: Recently, The application
of deep learning in container damage detection has also gained
significant attention. Ref. [11] proposes an end-to-end method
for detecting corrosion defects on container surfaces. How-
ever, the dataset they used is not publicly available to other
researchers. Our dataset contains container images with varying
usage levels, encompassing a wide range of common surface
defects including corrosion, damage, and deformation.
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TABLE IV
PARAMETERS OF THE CAMERA IN THE CMDR SYSTEM

3) Container Lead Seal Detection: For container lead seal
problem, many deep learning based methods have been pro-
posed [12], [45]. Container sealing inspections typically focus
on detecting the status of lead seals on container doors. The
distinctive characteristic of a lead seal is its small size and the
similarity in the opening and closing states. The ContainerText
dataset contains a substantial collection of images depicting
lead seals in various resolutions and states of being open or
closed. Thus, our dataset provides a valuable contribution to the
advancement of container seal detection tasks.

IV. CONTAINER MARKING DETECTION AND RECOGNITION

SYSTEM

In order to achieve fully automated images capture and
CMDR tasks, we have built a set of CMDR system, which
consist of the CMIAM and the STR based CMDR method.
Section IV-A mainly introduces the CMIAM, while STR based
CMDR method will be introduced in Section IV-B.

A. Container Marking Image Acquisition Mechanism

The proposed CMIAM is deployed at the final stage of the
container production line. Specifically, the CMIAM primar-
ily comprises a steel structure skeleton, 30 cameras (refer to
Table IV for detailed camera parameters), a set of adjustable
illuminants, and 3 infrared sensors. The steel structure skeleton
serves as the main load-bearing carrier of the CMIAM, with thin
steel plates laid on the outer side to shield the workshop from
the chaotic light. On the inner side, electronic devices including
cameras, light sources, and infrared sensors are installed to
capture image data from all five surfaces of the container. As
the container enters the CMIAM, it halts upon reaching the
assigned position, subsequently activating the infrared sensor
to emit an electrical signal. Upon receiving the electrical sig-
nal, the camera initiates image collection. To account for the
container’s expansive surface area, we employed 30 cameras
to capture some areas of the container surface individually. To
ensure marking integrity, each camera possesses a 40 cm of
container surface length overlap area in the horizontal direction
for photography. Subsequently, once the collection is finalized,
the container resumes its forward motion and exits the CMIAM.
The gathered images are transmitted to the Data Center, where
each image undergoes preprocessing, detection and recognition
of marking, and subsequent data storage. The overall operating
speed of the proposed system can reach 4.28 FPS (it takes

approximately 7 seconds to complete the CMDR process with 30
images), which can achieve real-time detection and recognition
of CMDR tasks.

B. STR Based CMDR Method

We have innovatively proposed a STR based method for
CMDR tasks. Firstly, we use the position of the text in the
marking to replace the position of the marking itself. DBNet++
[29] used as the text detector to detect the position of the text.
As for the recognition task, we used SVTR [42] as the text
recognizer. Fig. 5 shows the flowchart of STR based CMDR
method and Algorithm 1 shows the Pseudo-code.

ResNet [46] uses Feature Pyramid Network (FPN) [47] as
the backbone of feature extraction, which is widely used in
various deep learning tasks due to its excellent feature extraction
capability and multi-scale information fusion ability. To tackle
the complex and diverse features present in ContainerText, we
employed ResNet-50 in conjunction with a top-down FPN archi-
tecture. Specifically, each image I � R3×W×H is first extracted
by ResNet-50 to output feature maps of sizes 1/4, 1/8, 1/16 and
1/32 of the original image. In FPN, each layer’s feature map
undergoes 2 × upsample and is then added by element to the
previous layer’s feature map for the first multi-scale information
fusion.

DBNet++ proposed utilizing the differentiable binarization
(1) of probability map to approximate the non differentiable
binarization (2), which is integrated into the model training
process.

It also replaces conventional fixed binarization thresholds
with trainable thresholds map, thereby enhancing the accuracy of
post-processing for probability maps. Specifically, the trainable
thresholds map is generated by shrinking and dilating the manual
labeling bbox with a ratio (which is set to 0.4 empirically)
using Vatti Clipping algorithm [48]. After DBNet++ predicts
the probability maps, we compute the probability maps and
threshold maps according to (1) to obtain approximate binary
maps. Approximate binary mapping is used for output text
coordinates predicted by the network.

In addition, the Adaptive Scale Fusion Neck fully incorporates
contextual information in the feature fusion process. In partic-
ular, the feature maps produced by FPN undergo upsampling
to achieve a size reduction of 1/4 in relation to the original
image. Subsequently, these upsampled feature maps are concate-
nated according to channel dimensions, obtain an feature map
F � RC×W×H and followed by series of convolutions, pooling,
activation, dimension expansion, etc., and finally outputs the
fused feature map F � RN×C×W×H . Fig. 6(a) presents the de-
tails of Adaptive Scale Fusion Neck. The fused feature mapping
is used to predict the probability and threshold maps, which are
then differentially binarized and subsequently post-processed to
generate detection boxes.

B̂i,j =
1

1 + e�k(Pi,j�Ti,j) (1)
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Fig. 5. Flowchart of STR based CMDR method.

Fig. 6. Details of STR based CMDR method. (a) Adaptive scale fusion neck. (b) Mixing block.

Bi,j =
�

1, if Pi,j � t
0, otherwise

(2)

where B̂i,j is the differentiable binary map, Bi,j is the fixed
threshold binary map, Pi,j is the probability map, t is the fixed
threshold, Ti,j is learnable threshold map, (i , j ) indicates the
coordinate point in the map and k is the amplifying factor.

SVTR incorporates the Global / Local Mixing Block to ac-
quire knowledge of both inter-character and inner-character pat-
terns. The details of Mixing Block are presented in Fig. 6(b). The
Global Mixing module excels at discriminating between textual
and non-textual features, enabling the establishment of long-
range dependencies among distinct character features. While
the Local Mixing module enhances distinct components within
the same character. Furthermore, SVTR operates as a single
visual model, simplifying and expediting the feature processing
procedure. For the cropped text area, first use convolution and

BatchNorm for patch embedding. The encoded patch is added
to the positional embedding and then alternately passes through
the Mixing Block and convolution followed by LayerNorm. For
the output of the last Mixing Block, the height dimension is
first pooled to 1, and then the features are compressed into a
sequence of features of length D1 by means of a fully connected
layer, an activation layer, and dropout. Finally, the characters are
classified using a linear classifier.

Object functions of CMDR are divided into two parts. The
first part is the objective function of the detection task, denoted
as Ldet, and the other part is the recognition task, denoted as
Lrec.

Ldet is composed of the loss Ls of the probability map, the
loss Lt of the threshold map, and the loss Lb of the approximate
binary map, respectively.

Ldet = Ls + �× Lb + � × Lt (3)
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Algorithm 1: Pseudocode of STR Based CMDR Method.
Input:

Image i of container captured by the CMIAM.
Output:

A List of marking scripts and boxes coordinates.
for all i � {image1, . . ., image30} do
detectorDBNet++(i)
outputDBNet++={[bbox1, score1],

..., [bboxn, scoren]}
for all b � {bbox1, . . ., bboxn} do

Project bboxb to imagei as region of interest
Crop the region of interest

end for
for all r � {region1, . . ., regionn} do
recognizerSV T R(r)
outputSV T R={[scripts1], . . ., [scriptsn]}

end for
return {[bbox1, scripts1], . . ., [bboxn, scriptsn]}

end

� and � are set to 0.1 and 10.

Ls = Lb =
�

i�Sl

yi log xi + (1 � yi) log(1 � xi) (4)

Lt =
�

i�Rd

|y�i � x�
i | (5)

Sl is the set of positive and negative samples in the probability
map, and we balance the loss based on a 1:3 ratio of positive and
negative samples. xi and yi represent the predicted result and
ground truth of the i-th sample, respectively. Rd is a pixels set
of dilated polygon; y� is the label of the threshold map.

As for Lrec, we use CTC loss as the objective function for
text recognition.

Lrec = �
�

(x,z)�S

p(x, z) =
�

(x,z)

ln p(x, z) (6)

S is the set of annotation series; x represents the current
input sequence, and z represents the output sequence; p(x, z)
epresents the probability of the output sequence being z when
the input sequence is x.

V. EXPERIMENTS

We conducted comprehensive experiments on text detection
and text recognition algorithms using the ContainerText dataset
to establish benchmark performance on the CMDR task. The
experimental results can provide performance references for
future researchers, comparing their research results with these
benchmarks.

A. Experimental Setup

In order to compare fairly, all experiment are implement on
Intel Core I5-12600 K CPU, NVIDIA RTX 3060 12 G GPU
using python 3.8, pytorch 1.13, CUDA 11.6 with an Ubuntu
18.04. ContainerText has over 12 k images and 141 k instances,

and we randomly selected one as the training set for all exper-
iments, which consists of 9 k images and 106 k instances. The
remaining images and instances will be used as the testing set. In
our text detection experiments, we utilized the Adam optimizer
and employed the PolyLR learning rate update strategy, with
an initial learning rate of 0.0001. For the text recognition ex-
periment, we utilized an Adam optimizer, linear Warm-Up, and
CosineAnnealingLR learning rate update strategy, where we set
the incipient learning rate to 0.0003. We have selected suitable
data augmentation for each method and trained it to complete
convergence. During the testing phase, we did not we did not
execute any data augmentation on the images.

B. Evaluation Metric

Similar to most OCR datasets [16], [17], [18], [19], [20], [21],
[22], [23], we use Precision (7), Recall (8), and Hmean (9) as
evaluation indicators for text detection, while Word Accuracy
(10) was used as the evaluation indicator for text recognition.
For unrecognizable text, we will mark it as a difficult sample.
This difficult samples will participate in the training, but during
testing, it will be automatically skipped to avoid affecting the
final performance evaluation. Additionally, Frames Per Second
(FPS) is used for measuring how fast the model can process an
image.

Precision =
TP

TP + FP
(7)

Recall =
TP

TP + FN
(8)

Hmean = 2 •
Precision •Recall
Precision + Recall

(9)

Accuracy =
TP

Ntotal
(10)

Where TP is true positive, TN is true negative, FN is false
negative.Ntotal is the total number of test images. In the context
of text detection experiments, TP is defined as a predicted
result with a confidence score exceeding 0.5 and an Intersection
over Union ratio with the ground truth surpassing 0.5. For text
recognition experiments, TP is characterized as the text sequence
with the highest prediction confidence, aligning precisely with
the ground truth.

C. Semi-Automatic Annotation Mixing Ratio Studies

In the semi-automatic annotation implementation process,
fine-tuning the model with newly annotated container data is
pivotal for the model’s gradual transition from synthetic to con-
tainer data. To evaluate the impact of the mixing ratio between
annotated and synthesized data, we employed the configurations
outlined in Section V-A for both the training and testing sets. To
simulate newly generated data during annotation, we randomly
sampled 300 images / 3300 instances from the training set for a
mixed proportion experiment focused on text detection / recog-
nition. Simultaneously, we adjusted the quantity of synthesized
data to align with a specific proportion of the sampled container
data. The mixing ratio experiments were conducted using DBNet
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TABLE V
IMPACT OF DIFFERENT MIXING RATIOS ON THE SEMI-AUTOMATIC

ANNOTATION PERFORMANCE OF DBNET

TABLE VI
IMPACT OF DIFFERENT MIXING RATIOS ON THE SEMI-AUTOMATIC

ANNOTATION PERFORMANCE OF SVTR

TABLE VII
EXPERIMENTAL RESULTS OF TEXT DETECTION

and SVTR, and the results are presented in Tables V and VI (the
Mixing Ratio in the table denotes the ratio of newly annotated
data to synthesized data). By comparing Hmean or Accuracy and
Training Time across different mixing ratios, it was conclusively
demonstrated that 1:0 and a 1:3 mixing ratio are the most efficient
proportions for DBNet and SVTR, respectively.

D. Comparative Studies

Given the excellent performance of deep learning in various
vision tasks, a great deal of deep learning based approaches have
been proposed to address the challenges in the STR domain.
We have selected some methods in recent years and conducted
numerous experiments as the benchmark performance for the
ContainerText dataset. The results of our experiments are shown
in Tables VII and VIII. To analyze the performance of the se-
lected approaches on the ContainerText dataset, we visualize the
experimental results for the text detection and text recognition
tasks separately.

TABLE VIII
EXPERIMENTAL RESULTS OF TEXT RECOGNITION

1) Text Detection: During the experiment on text detection,
we adjusted the batch size of each model to a suitable maxi-
mum value for accelerating the training process. We utilized a
ResNet50, which pretrained on ImageNet, as the initialization
weight for each model’s backbone network. Among the different
models tested, DBNet++ exhibited superior performance in the
aspect of Hmean, Precision, and Recall, achieving respective
values of 84.17%, 87.64%, and 80.96%. In the aspect of speed,
it reaches a rate of 10 FPS, second only to DBNet’s 20 FPS.
A distinguishing feature of DBNet++ is the integration of the
Adaptive Scale Fusion Neck instead of directly concatenating
feature maps, resulting in its significant superiority over DB-
Net in Hmean and Recall metrics. Compared with alternative
methods, DBNet++ excels in accurately delineating text re-
gion boundaries, attributed to its application of differentiable
binarization. Visualization of prediction results from various
methods in the comparative studies is presented in Fig. 7.

2) Text Recognition: In the text recognition experiments,
SATRN achieved the highest accuracy of 88.49%, which sur-
passes Aster, the lowest accuracy, of 86.25% by 2.24%. Notably,
Aster proved to be the fastest model, operating at 941 FPS, which
is nearly 20 times faster than the slowest SAR model. To meet
the real-time demands of CMDR tasks, SVTR strikes a better
balance between speed and accuracy, achieving an accuracy of
86.76% and operating at 377 FPS. In addition, we intentionally
rewrite the annotation information of some mathematical nota-
tion in the dataset into another format (refering to the last column
in Fig. 8 for details), and then use this part of the data for training
and testing. Surprisingly, nearly all models exhibit the ability to
adjust to this rewriting format. The experiment demonstrates that
text recognition models prioritize the textual patterns present
within images and exhibit a good adaptability to such patterns.
Consequently, it becomes feasible to substitute intricate text with
simple symbols, thereby simplifying the processing of complex
textual data during annotation or post-processing.

E. Ablation Studies

Due to their excellent performance in the aspect of speed and
performance, we chose DBNet++ and SVTR as the main detec-
tion and recognition models for the CMDR task. We conducted
a series of ablation experiments specifically targeting DBNet++
and SVTR. The objective of these experiments was to investigate
the impact of adjusting model parameters within a consistent
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Fig. 7. Text detection results. The red mask is the text area predicted by the model.

Fig. 8. Text recognition results. “#” represents that the model cannot recognize
the character in the image. The green box represents correct recognition, while
the red box represents incorrect recognition.

structure on performance, with the goal of achieving an optimal
trade-off between inference speed and performance.

1) Text Detection: The backbone of DBNet++ contributes
the main parameters. We conducted training on the backbone
using different parameters of DBNet++. In addition, to assess
the performance difference between the Transformer and CNN
backbones, we incorporated the Swin Transformer V2 [57]
series as the backbone for our experimental models. When
employing ResNet-18 as the backbone network for DBNet++,
false positives in the prediction results were observed, indicating
overlaps with other prediction boxes. This suggests that the dis-
criminative power of features extracted by ResNet-18 is inferior
to deeper and larger networks such as ResNet-50 and Swin
Transformer. Conversely, when utilizing ResNet-50+DCN and
Swin-T as backbone networks, the model’s prediction results did
not entirely cover the text area, resulting in some text edges ex-
tending beyond the detection box. Fig. 9 displays the prediction
results of the model using different backbones. The experiment
illustrates that employing ResNet-50 as the backbone yields the
highest overall performance, with an Hmean of 84.17% and FPS
of 10. The experimental results are presented in Table IX.

TABLE IX
ABLATION EXPERIMENT RESULTS OF DBNET++

TABLE X
HYPER-PARAMETER STUDY OF � AND �

In addition to assessing the backbone network, we conducted
extensive ablation experiments to explore the impact of varying
values for�,� in the objective function and k in (1) of DBNet++.
Due to the numerous combinations of � and � values, we
initiated the experiments by randomly selecting 0.1 as the initial
value for � and testing optimal values for �. Subsequently, with
a fixed �, we tested diverse values for �. Upon determining the
optimal combination of � and �, we employed that setting for
k experiments. Through experimentation, optimal values for �,
�, and k were identified as 0.1, 10, and 50, respectively. The
detailed experimental results are available in Tables X and XI.

This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination. 

Authorized licensed use limited to: UNIVERSITA DEGLI STUDI DI MILANO. Downloaded on April 02,2024 at 14:52:43 UTC from IEEE Xplore.  Restrictions apply. 












