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1. Introduction

In the context of the rapid digital transformation taking place in educational institutions, the
management and digitization of information from paper-based documents, particularly student
identification (ID) cards, has become an urgent requirement [1]-[3]. Student ID cards not only serve as
a means of personal identification in academic and administrative activities but also contain various
important data fields such as full name, student ID number, date of birth, and academic information.
However, traditional data extraction methods relying on manual operations reveal several limitations,
including high time and labor costs, susceptibility to human errors, difficulties in ensuring data
consistency, and limited scalability as data volumes continue to grow [4]. These issues hinder the
modernization of information management systems in universities and colleges.

Several technological solutions have been studied and applied to automate this process, notably the
integration of Near Field Communication (NFC) or Radio-Frequency Identification (RFID) chips into
student ID cards [5], [6]. Nevertheless, these approaches still suffer from significant drawbacks: (1) they
require substantial investment costs to replace existing card systems [7], (2) device compatibility is
inconsistent, as NFC functionality is typically supported only on mid-range and high-end devices, and
(3) security risks arise because RFID data can be easily accessed without robust encryption mechanisms
[8], [9]. This gap highlights the need for an alternative approach that is both effective and cost-efficient,
while also ensuring flexible deployment on existing technological infrastructures.

Based on these considerations, this study proposes an information extraction system for student ID
card images that integrates three main components: (1) MobileNetV3-Small [10] for student ID card
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image classification; (2) Differentiable Binarization (DB) [11] for text region detection; and (3)
VietOCR [12] for Vietnamese character recognition. This combination aims to develop an automated
solution with high accuracy, optimized cost, seamless integration into existing data management
systems, and strong suitability for the characteristics of the Vietnamese language.

2. Related Work
2.1. Document Information Extraction Systems

Automated information extraction from identity documents has transitioned from rule-based methods
to deep learning approaches over the past decade. Early systems relied heavily on Machine Readable
Zones (MRZ) and predefined templates [13], which proved inadequate for modern identity cards that
lack standardized formats and exhibit significant layout variability across different institutions and
countries.

Recent studies demonstrate that deep learning-based approaches, particularly those combining
instance segmentation with Optical Character Recognition (OCR), significantly outperform traditional
methods when handling diverse document formats [4]. However, a large portion of existing work
primarily focuses on Western languages with relatively simple character systems. In contrast,
Vietnamese text, characterized by complex diacritics and multiple tonal marks, poses unique challenges
that remain underexplored in the literature.

While commercial OCR systems such as Google Vision APl and Tesseract achieve high accuracy on
English documents [14], their performance degrades substantially on Vietnamese text, particularly for
student ID cards with varied fonts, small text sizes, and complex background textures. This limitation
highlights the need for domain-specific OCR solutions tailored to Vietnamese document characteristics.

Recent transformer-based Document Al models further demonstrate the importance of jointly
modeling visual layout and textual content. LayoutLMv3 [15] introduces unified masking objectives
over both text and image tokens for document understanding, while Donut [16] proposes an OCR-free
end-to-end transformer that directly maps document images to structured outputs. Although these
methods report strong results on benchmark datasets, they are generally designed for broader document
understanding tasks and may require substantial pre-training resources, motivating more lightweight
pipelines for constrained deployment scenarios.

2.2. Lightweight Neural Network Architectures for Edge Deployment

The deployment of computer vision systems on resource-constrained devices necessitates a careful
balance between model accuracy and computational efficiency. Lightweight convolutional neural
networks have therefore attracted significant attention.

The MobileNet series pioneered the use of depthwise separable convolutions to reduce computational
cost while maintaining competitive accuracy [17]. Building upon this foundation, Howard et al.
introduced MobileNetV3 [10], which integrates hardware-aware Neural Architecture Search (NAS)
with the NetAdapt algorithm. MobileNetV3-Large improves ImageNet classification accuracy by over
3% while reducing latency by approximately 20% compared to MobileNetVV2, whereas MobileNetV3-
Small offers even greater efficiency for low-resource scenarios.

Although MobileNetVV3 demonstrates strong performance on generic image classification
benchmarks, its effectiveness for document analysis tasks, which require fine-grained text localization
rather than global semantic understanding, remains less explored. Furthermore, many reported
benchmarks rely on high-end mobile processors, while real-world deployments such as student ID
scanning systems often operate on low-cost smartphones or embedded devices. In this context,
MobileNetVV3-Small provides an attractive trade-off between accuracy and efficiency, particularly when
combined with task-specific fine-tuning on document images.

2.3. Scene Text Detection Methods

Scene text detection has evolved from traditional sliding-window techniques to modern
segmentation-based approaches capable of handling text with arbitrary shapes and orientations. A key
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advancement in this area is DB [11]. DB addresses a major limitation of previous segmentation-based
methods, namely the use of fixed thresholding during post-processing. By introducing a trainable
binarization module that approximates the step function with a differentiable formulation, DB enables
end-to-end optimization of the entire text detection pipeline.

With a ResNet-18 backbone, DB achieves an F-measure of 82.8% at 62 FPS on the MSRA-TD500
dataset, and further improves accuracy when using deeper backbones. Compared to alternative
approaches such as EAST [18], TextSnake [19], or PSENet, DB offers a favorable balance of detection
accuracy, computational efficiency, and implementation simplicity. These properties make DB
particularly suitable for Vietnamese student ID cards, as further confirmed by the experimental results
presented in Section 4.

2.4. Attention Mechanisms for Sequence Recognition

Optical Character Recognition has progressed from convolution-only architectures to attention-based
encoder—decoder models that better capture sequential dependencies in text. The attention mechanism
was first introduced in [20] to address the limitations of encoding variable-length input sequences into
fixed-length representations. By allowing the decoder to dynamically attend to relevant parts of the
encoder output at each time step, attention-based models significantly improve recognition performance
on long and complex sequences.

For Vietnamese text recognition, attention mechanisms offer several advantages, including improved
handling of diacritical marks, natural support for variable-length outputs, and enhanced contextual
modeling to disambiguate visually similar characters. However, attention-based models generally
require larger amounts of annotated data compared to CTC-based approaches [21]. This limitation
motivates the use of transfer learning and careful fine-tuning strategies when working with limited
Vietnamese document datasets.

In addition, transformer-based OCR models such as TrOCR [22] have shown that pre-trained vision—
language architectures can deliver highly competitive recognition accuracy across both printed and
handwritten text. This trend confirms the effectiveness of transfer learning for OCR, but also highlights
the computational trade-offs that must be considered for real-time and edge-oriented applications.

2.5. Transfer Learning and Pre-trained Models

Transfer learning has become indispensable for document analysis tasks with limited annotated data.
The ImageNet dataset [23] provides large-scale supervision that enables models to learn generic visual
representations transferable to downstream tasks.

Prior studies have shown that ImageNet-pretrained backbones can improve text detection
Intersection over Union (loU) by 15-20% compared to random initialization, and achieve over 90%
accuracy on document analysis tasks with relatively small training datasets [24]. Nevertheless, a domain
gap exists between natural image classification and document image understanding, necessitating
additional fine-tuning on document-specific data. Motivated by these observations, our work leverages
ImageNet-pretrained models combined with task-specific fine-tuning on Vietnamese student ID card
images [25].

The reviewed literature reveals several under-addressed challenges: (1) limited research on
Vietnamese text with complex diacritics, (2) unrealistic deployment assumptions that overlook resource-
constrained devices, (3) scarcity of annotated Vietnamese student ID datasets, and (4) a lack of end-to-
end system evaluations that consider error propagation across classification, detection, and recognition
stages. To address these gaps, this work proposes a complete Vietnamese student ID information
extraction pipeline integrating MobileNetV3-based card classification, DB-based text detection, and
attention-based text recognition. Unlike prior studies that focus on individual components in isolation,
we provide a holistic evaluation of accuracy, efficiency, and real-world deployment constraints on
Vietnamese student ID card data.
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3. Methodology

The student ID card recognition and classification system proposed in this study is designed as a
pipeline consisting of three main stages: card classification, text detection, and information recognition
from the card. The detailed architecture of the system is illustrated in Figure 1.

PaddleOCR
EAST VietOCR
MobIoNotV3 AttentionOCR r— —y
o obileMe N N .| Post processing N
Dataset > Small > SAST > *  Eield Extraction > Text
TransformerOCR
Classification card DB
Text Recognition

Text detection
Figure 1. Overall Pipeline for Information Extraction from Student ID Card Images.
3.1. Card Classification Using MobileNetV3-Small

In the first stage of the proposed system, the card image classification task is essential for determining
whether an input image corresponds to a ID card or a library card. An appropriate model for this task
must satisfy two main requirements: (1) high classification accuracy to minimize errors in subsequent
information extraction stages, and (2) the ability to be deployed on resource-constrained devices in
practical settings [17], [10]. We evaluated several models from the MobileNet family and selected
MobileNetV3-Small as the backbone for classification. MobileNetV3-Small [10] is an improved variant
of its predecessors, MobileNet and MobileNetV2 [17], featuring hardware-aware neural architecture
search and optimized layers for efficiency.

For this study, input card images are preprocessed by resizing them to 224 x 224 pixels and
normalizing pixel values to the range [0, 1]. The MobileNetVV3-Small model is initially pre-trained on
the ImageNet1K dataset [23] and subsequently fine-tuned using the student ID and library card image
datasets. The original fully connected layer is replaced with a custom classification head structured as
follows:

Global Average Pooling 2D - Dense (ReLU) - Dropout > Dense (Softmax)

During fine-tuning, the backbone weights are frozen due to the relatively small and domain-specific
dataset, which helps mitigate the risk of overfitting.

3.2. Text Detection Using Differentiable Binarization

Differentiable Binarization (DB) [11] is a trainable binarization technique that enables end-to-end
optimization of the entire pipeline. By eliminating the need for manually defined thresholding, DB
improves both inference speed and detection accuracy. The detailed architecture of DB is illustrated in
Figure 2.

image segmentation map binarization map detection results

4 —

threshold map

Figure 2. Application of the DB model on the student ID card image dataset.
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Overall, the DB model [11] is a simple yet effective segmentation-based network for scene text
detection. The input to the network is the original image, which is processed by a CNN backbone (e.g.,
ResNet-18/50 or MobileNetV3). The extracted features are fused to produce a shared feature map F,
from which the network branches into two main outputs: a probability map P and a threshold map T.
The probability map P represents the likelihood of each pixel belonging to a text region, while the
threshold map T provides an adaptive binarization threshold for each pixel.

Given P and T, a differentiable binarization function is applied to generate an approximate
binarization map B. During training, all three maps P, T, and B are supervised (with P and B sharing
the same ground-truth labels). During inference, the final detection results are obtained from either the
binarization map or the probability map through a box formulation module that generates bounding
boxes for text regions.

3.3. Text Recognition Using VietOCR

VietOCR [12] is an open-source library for Optical Character Recognition (OCR), specifically
designed and optimized for the Vietnamese language. The library supports input data in the form of
images or scanned documents and outputs machine-readable text that can be searched and edited.
VietOCR provides two main OCR models, namely AttentionOCR and TransformerOCR [12]. After
evaluating both models, we selected AttentionOCR as the text recognition model for this study.

In AttentionOCR, the Sequence-to-Sequence (Seq2Seq) model [26] is employed to address tasks that
map an input sequence of variable length to a corresponding output sequence, such as machine
translation, as illustrated in Figure 3. The Seq2Seq architecture consists of two main components: an
Encoder and a Decoder. The Encoder maps the input sequence into a set of hidden states and compresses
the encoded information into a context vector. The Decoder is then initialized from this context vector
and generates the elements of the output sequence in a sequential manner [20].

) (
Encoder i 1

L H LSTM}

Y1 Y2

Decoder

Figure 3. Seq2Seq model using LSTM [27].

The attention mechanism was introduced in 2015 [20] to address the context degradation problem in
Seq2Seq models when processing long character sequences. The core idea of attention is that not all
input tokens contribute equally to the generation of an output token. The attention mechanism enables
the decoder to directly attend to all hidden states of the encoder at each time step. Instead of relying on
a fixed context vector, attention computes a dynamic context vector by assigning attention weights to
each encoder hidden state, reflecting their relevance to the token being generated [28]. Consequently,
the Seq2Seq model augmented with the attention mechanism forms the foundation of the widely adopted
AttentionOCR model, as illustrated in Figure 4.

In deep learning models, the stride size refers to the step size of the convolution kernel or pooling
window as it slides over an image or feature map. To enhance model performance in the context of
student ID card image data with asymmetric aspect ratios, we adjust the stride size in the pooling layers
of VGG19 [30]. Instead of using the default stride of [2, 2], we apply a stride of [2, 1] in the later pooling
layers, reducing the spatial resolution only along the height dimension while preserving the width. This
adjustment helps retain horizontal character information and significantly improves recognition
accuracy.
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Figure 4. Seq2Seq model with an attention mechanism [29].
4. Experimental Results and Discussion

4.1. Dataset

The proposed system was trained and evaluated on a student 1D card image dataset collected at the
University of Sciences, Hue University. The dataset consists of 555 images, including 118 student ID
card images and 437 library card images. All images were captured using smartphones under standard
lighting conditions with a frontal viewpoint. This dataset reflects real-world usage scenarios and exhibits
moderate image quality, making it a valuable resource for training and evaluating the models within the
proposed system. Figure 5 illustrates the two types of cards included in the dataset.

g SHUE Q,w HOC HUE )
116 BAIHOC KHOA HOC A TRUONG BAI HOC KHOA HOC

lg-ﬁ THE SlNVH VIEN ~HE SINH VIEN

) thex:
|

| )
.

Figure 5. Two types of cards in the student ID card image dataset (Student ID card on the left, library card on
the right. Images have been blurred to protect personal information.).

The two card types in the dataset are separated into two individual subsets, namely the student 1D
card set and the library card set. Each subset is further divided into training and evaluation sets with an
8:2 ratio. The dataset is utilized to conduct three main experiments:

e Card classification training and evaluation: In this experiment, the training sets of both card
types are merged to form a unified training set, and the evaluation sets are combined in the same
manner.

e Text detection training and evaluation: Data augmentation is applied to the training set to
alleviate the data imbalance between the student ID card set and the library card set. Specifically,
the student ID card images are augmented to achieve a quantity approximately equal to that of the
library card images.

e Text recognition training and evaluation: Text lines in each image, including full name, date
of birth, class, academic year, and student ID number, are cropped and used for training the text
recognition model.
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Although the collected dataset reflects realistic acquisition conditions, it remains relatively small,
consisting of only 555 images, including 118 student ID cards and 437 library cards. The limited number
of student ID samples may restrict the diversity of layout variations, font styles, printing quality, and
capture conditions represented in the training data. Furthermore, since all images were collected from a
single university, the dataset may not fully capture inter-institutional variability in ID card design across
different universities in Vietnam. This could limit the generalization capability of the trained models
when deployed in broader contexts. Although data augmentation techniques were applied to mitigate
class imbalance and improve robustness, synthetic transformations cannot fully substitute real-world
diversity. Therefore, future work should focus on constructing a larger multi-institutional dataset to
enhance the scalability and generalization performance of the proposed system.

4.2. Implementation Details

To improve reproducibility, we summarize the key implementation settings used in our experiments.

¢ Hardware and software environment. Training and inference were conducted on a workstation
with a single NVIDIA GPU using the PyTorch framework.

e Input configuration. For card classification, input images were resized to 224 x 224 and
normalized to [0, 1]. For text detection, full card images were resized while preserving aspect
ratio and padded to a fixed input size for mini-batch training. For text recognition, cropped text
lines were resized to a fixed height while preserving width-related character structure.

e Optimization settings. All models were fine-tuned from pre-trained weights using the Adam
optimizer with mini-batch training and early stopping based on validation performance. The
initial learning rate was set in the range 10~* to 10~3 depending on the module, and reduced
using a scheduler when validation metrics plateaued.

e Data split and evaluation protocol. The card classification module followed 5-fold cross-
validation on the training partition, while text detection and text recognition used fixed
train/validation splits derived from the 8:2 data partition described above.

These settings, together with the reported model architectures and evaluation metrics, improve the
reproducibility of the proposed experimental pipeline.

4.3. Evaluation Methodology
4.3.1. Card Classification Model

Common metrics for binary classification tasks, including Accuracy, Precision, Recall, F1-score, and
Area Under the Curve (AUC), are employed to evaluate the performance and reliability of the card
classification model. Among these, Precision, Recall, and F1-score are computed using both weighted
and macro averaging schemes. This dual evaluation strategy aims to reflect the model performance
under practical conditions, such as class imbalance, as well as under ideal conditions where all classes
are assigned equal importance.

4.3.2. Text Detection Model

The text detection model is evaluated based on two main criteria: detection quality and practical
deployment performance. The former measures the accuracy and reliability of the model, while the latter
assesses its operational efficiency on resource-constrained devices and under real-time processing
requirements. Detection quality:

¢ Intersection over Union (loU): Measures the overlap between the predicted bounding box and the
ground-truth bounding box. A higher loU indicates a closer match between the predicted and
ground-truth bounding boxes.

e Precision, Recall, and F1-score (Hmean): Evaluate the detection effectiveness of the model. The
values of True Positives (TP), False Positives (FP), and False Negatives (FN) are determined
based on the loU metric and a predefined threshold (typically 0.5).

o Inference Time: Measures the processing time required for a single data sample. A shorter
inference time indicates higher computational efficiency of the model.
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4.3.3. Text Recognition Model

During the evaluation of the text recognition model, Precision Full Sequence and Precision Per
Character are employed to assess the accuracy and reliability of the recognition results. These two
metrics measure performance at different levels: sequence-level accuracy and character-level accuracy.

e Precision Full Sequence: Measures accuracy at the full-sequence level. A predicted sequence is
considered correct only if it exactly matches the corresponding ground-truth sequence.

e Precision Per Character: Measures accuracy at the character level, allowing a more fine-grained
evaluation of the model's ability to recognize individual characters.

In addition to recognition accuracy, Inference Time is also used to evaluate the processing efficiency
of the text recognition model.

4.4, Experimental Results
4.4.1. Evaluation of the Card Classification Model

We conducted a comparative study using models from the MobileNet family, including MobileNet,
MobileNetVV2, MobileNetV3-Small, and MobileNetV3-Large, as backbones for the card classification
task. All backbone networks were pre-trained on the ImageNet-1K dataset [20]. To address the limited
size of the dataset, a k-fold cross-validation strategy with k = 5 was applied on the training set. The
final performance was obtained by aggregating the evaluation results across the five folds. Since the
dataset exhibits class imbalance, class-weighting was employed during training to mitigate its negative
impact on model performance. The weight assigned to each class is computed as follows in Eq. (1):

nsample

_
Nclasses X freqy

where weight, denotes the weight of class y, ngmpe is the total number of samples, 7 e IS the
number of classes, and freq,, represents the number of samples belonging to class y. Table 1 presents
the comparative results of different backbone networks on the card classification task.

weight,, =

1)

Table 1. Comparison of classification performance using different backbone networks. P, R, and F1 denote
Precision, Recall, and F1-score.

Macro Weighted
Backbone Accuracy AUC
P R F1 P R F1
MobileNet 98.81 97.37 | 99.24 | 98.27 | 98.87 | 98.81 | 98.82 0.9989
MobileNetV2 98.93 97.68 | 99.32 | 98.45 | 99.00 | 98.93 | 98.94 0.9995
MobileNetV3-Small 99.40 98.65 | 99.62 | 99.12 | 99.42 | 99.40 | 99.41 0.9996
MobileNetV3-Large 99.40 98.65 | 99.62 | 99.12 | 99.42 | 99.40 | 99.41 0.9990

Based on the results in Table 1, both MobileNetV3-Small and MobileNetV3-Large achieve the best
and comparable performance across all evaluation metrics. However, MobileNetVV3-Small attains a
slightly higher AUC score than MobileNetV3-Large, indicating better generalization capability.
Considering its superior performance and lower computational complexity, MobileNetV3-Small is
selected as the backbone for the card classification module in the proposed student ID information
extraction system.

4.4.2. Evaluation of the Text Detection Model

To evaluate the effectiveness of text detection models, we conducted experiments on two widely
used approaches, namely DB-MV3 and EAST-MV3, under two different settings: without data
augmentation and with data augmentation. The evaluation metrics include Precision (P), Recall (R), and
Harmonic Mean (Hmean), which are commonly adopted in text detection tasks. Table 2 presents the
comparative experimental results of DB-MV3 and EAST-MV3 under the two data settings.
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Table 2. Comparison of text detection performance between DB-MV3 and EAST-MV3. P, R, and H denote
Precision, Recall, and Hmean.

Without data augmentation With data augmentation
Model P R H P R H
DB-MV3 85.14 84.00 84.56 87.26 92.50 89.81
EAST-MV3 56.13 74.83 64.14 68.04 77.00 72.24

The experimental results demonstrate that DB-MV3 consistently outperforms EAST-MV3 across all
evaluation metrics. In the setting without data augmentation, DB-MV3 achieves an Hmean of 84.56,
which is significantly higher than that of EAST-MV3 (64.14), indicating superior overall text detection
capability. After applying data augmentation techniques, the performance of both models improves
noticeably. DB-MV3 continues to exhibit outstanding performance, achieving an Hmean of 89.81.
Moreover, its Precision and Recall increase to 87.26 and 92.50, respectively, confirming that the model
is able to detect more text regions while reducing detection errors. These results validate the robustness
and effectiveness of the DB-MV3 model for text detection in student ID card images.

4.4.3. Evaluation of the Text Recognition Model

During the training and evaluation phases, we investigated two backbone architectures corresponding
to the AttentionOCR and TransformerOCR models, namely vgg_seq2seq and vgg_transformer. The
performance was evaluated using two metrics: Precision Full Sequence and Precision Per Character,
which measure recognition accuracy at the sequence level and character level, respectively. Table 3
presents the experimental results obtained on the two backbones under two different stride size
configurations: the default stride size of [2, 2] and the adjusted stride size of [2, 1].

Table 3. Text recognition performance on vgg_seq2seq and vgg_transformer backbones.

Default stride [2,2] Adjusted stride [2,1]
Backbone
Full Sequence Per Char Full Sequence Per Char
vgg_seq2seq 98.90 99.49 98.76 99.35
vgg_transformer 96.80 99.43 97.45 99.68

The experimental results show that vgg_seq2seq with adjusted stride achieves the highest Full
Sequence Accuracy (98.76%), while vgg_transformer attains slightly higher character-level accuracy
(99.68%). Considering the trade-off between sequence-level reliability and computational efficiency,
vgg_seq2seq was selected for the proposed system. Furthermore, the Per Character Precision exceeds
99% for both backbones, demonstrating the high character-level recognition capability of VietOCR.
Despite its superior accuracy, especially on longer sequences, the vgg_transformer model requires
significantly higher computational cost and memory resources. Transformer-based architectures are
primarily designed for large-scale natural language processing tasks and typically rely on extensive
training data, which does not fully align with the scale and practical requirements of the current project.
Therefore, considering the trade-off between recognition accuracy, computational efficiency, and
deployment feasibility, the vgg_seq2seq backbone of the AttentionOCR model is selected for the text
recognition component of the proposed student ID card information extraction system.

4.4.4. Inference Time on CPU Platform

To evaluate practical feasibility without GPU acceleration, we measured inference time on an Intel
Core i9-12900K CPU with 32GB RAM. The average processing time per image is summarized as
follows:

o Card classification (MobileNetV3-Small): ~6-8 ms
e Text detection (DB-MV3): ~85-110 ms
e Text recognition (AttentionOCR — vgg_seq2seq): ~35-50 ms



mailto:jte@hcmute.edu.vn

JTE JOURNAL OF TECHNICAL EDUCATION SCIENCE
Ho Chi Minh City University of Technology and Engineering

Website: https:/jte.edu.vn

ISSN: 2615-9740 Email: jte@hcmute.edu.vn

HCM-UTE

o Total pipeline inference time: ~130-160 ms per image

The results indicate that the text detection module accounts for the largest computational cost, while
classification contributes only minimal overhead. The total processing time corresponds to
approximately 6-8 images per second on CPU, which is sufficient for offline attendance applications.

For comparison, preliminary testing shows that the vgg_transformer backbone requires
approximately 1.5 — 2 x longer inference time than vgg_seq2seq on CPU due to the quadratic
complexity of the self-attention mechanism. Therefore, despite slightly competitive character-level
accuracy, vgg_seq2seq was selected as a better trade-off between accuracy and computational efficiency
for practical deployment.

4.4.5. Error Propagation Analysis in the Multi-Stage Pipeline

Since the proposed system follows a sequential pipeline architecture, errors occurring in earlier
stages may propagate and negatively affect downstream components.

First, misclassification at the card classification stage (e.g., an ID card classified as a library card)
prevents subsequent text detection and recognition, resulting in complete information extraction failure.
Although the classification accuracy reaches 99.40%, this stage remains a critical gatekeeper of the
entire system. Second, errors in text detection (false negatives or inaccurate bounding boxes) directly
impact the recognition stage. Missed text regions lead to incomplete information extraction, while
imprecise bounding boxes may introduce background noise that degrades OCR accuracy. The detection
Hmean of 89.81% therefore effectively constrains the upper bound of the end-to-end system
performance. Third, although the character-level recognition accuracy exceeds 99%, minor errors may
still lead to invalid administrative records, particularly for critical fields such as Student ID numbers and
full names. A qualitative analysis of misrecognized samples shows that most errors arise from (1)
visually similar characters such as “0/0” and “1/I”, (2) incorrect prediction of Vietnamese diacritics due
to their small size and sensitivity to contrast variations, and (3) environmental factors such as mild glare,
uneven illumination, or imperfect detection bounding boxes. In long text sequences, even a single
character error results in a full-sequence mismatch, explaining the gap between character-level and
sequence-level accuracy.

Overall, the detection stage contributes most significantly to end-to-end performance degradation,
while recognition errors, though limited in number, have high practical impact in administrative
scenarios. Future improvements should therefore prioritize enhancing detection robustness,
incorporating structured post-recognition validation (e.g., format constraints for Student ID numbers),
and exploring lightweight end-to-end optimization strategies to reduce inter-stage error amplification.

4.5. Qualitative Analysis and Limitations

Qualitative observations. In addition to the quantitative metrics, qualitative inspection indicates
that DB-MV 3 generally produces tighter and more complete text regions than EAST-MV3, especially
for dense Vietnamese text lines. In the recognition stage, the selected AttentionOCR model preserves
Vietnamese diacritics in common fields (e.g., full name and class), which is consistent with the high
character-level precision in Table 3.

Current limitations. Despite strong average performance, the system can still degrade under
challenging imaging conditions, including motion blur, partial occlusion, non-uniform illumination,
strong highlights, and perspective distortion. In addition, the modular pipeline is affected by error
propagation: inaccurate detection outputs may reduce downstream OCR quality.

Potential extensions. A promising direction is to move from a strictly modular pipeline toward
layout-aware and end-to-end document understanding approaches. Integrating layout-aware pre-training
(e.g., LayoutLMv3 [15]) or OCR-free paradigms (e.g., Donut [16]) may reduce intermediate hand-
crafted steps and improve robustness on complex layouts.

5. Conclusion

This study proposed an automated system for extracting information from student ID card images by
integrating MobileNetV3-Small for card classification, a DB-based model for text detection, and
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VietOCR for Vietnamese text recognition. Experimental results demonstrate that MobileNet\V/3-Small
achieves an accuracy of 99.40% with an AUC of 0.9996, confirming its effectiveness and efficiency for
lightweight card classification. For text detection, the DB-MV3 model consistently outperforms the
EAST-MV3 baseline, achieving an Hmean of 89.81% after data augmentation, which highlights its
robustness in handling diverse layouts and challenging imaging conditions. In the text recognition stage,
AttentionOCR with the vgg_seq2seq backbone delivers strong performance, reaching up to 98.90% full-
sequence accuracy and exceeding 99% at the character level.

Beyond quantitative performance, the proposed pipeline demonstrates favorable characteristics in
terms of robustness, modularity, and deployment feasibility. The use of lightweight architectures enables
efficient inference on resource-constrained devices, making the system well-suited for practical
applications. Moreover, the modular design allows each component to be independently optimized or
replaced, facilitating future system upgrades.

Overall, the proposed system confirms its applicability to real-world scenarios such as student
information digitization, identity verification, and offline attendance systems. Future work will focus on
extending the framework to support additional identity document types, improving robustness under
extreme capture conditions, and exploring end-to-end learning strategies to further enhance system
efficiency and accuracy.
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