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Abstract—Multilingual scene text recognition presents 

significant technical complexity due to diverse character 

structures, varying scripts, background clutter, and contextual 

dependencies among character sequences. This study proposes 

an Adaptive Spatial-Temporal Feature Fusion Network 

(ASTFF-Net) for multilingual scene text recognition. The 

framework incorporates a multi-layer adaptive spatial-

temporal feature fusion architecture into a sequence-based text 

recognition, integrating a spatiotemporal feature extractor with 

a Connectionist Temporal Classification (CTC) decoder. A deep 

ResNet-50 backbone captures hierarchical spatial 

representations, which are reshaped into ordered sequences to 

preserve horizontal structural information. Bidirectional Long 

Short-Term Memory (BiLSTM) layers model contextual 

dependencies across adjacent character regions, while a one-

dimensional convolution enhances temporal consistency. An 

adaptive fusion mechanism combines spatial and temporal 

features to generate discriminative representations that encode 

both visual structure and contextual continuity. The end-to-end 

training strategy with the CTC objective supports alignment-

free sequence learning without character-level annotation. 

Experimental evaluation on the Multi-language Video Subtitle 

(MLVS) and Thai-English Multi-script Text Image (MSTI) 

datasets show that the proposed method consistently 

outperforms convolutional-recurrent and attention-based 

baselines. The proposed ASTFF-Net achieves competitive 

character error rates, yielding 1.63% on MLVS and 13.22% on 

the challenging MSTI dataset, while exhibiting stable 

convergence and robust generalization. 

Keywords—Adaptive Feature Fusion, Connectionist 

Temporal Classification, Deep Learning, Multilingual Text 

Recognition, Sequence Model, Spatial-Temporal Feature Fusion 

I. INTRODUCTION 

Text recognition provides a core technology for intelligent 
systems, including document analysis, video understanding, 
assistive technologies, and information retrieval [1], [2]. 
Although significant progress has been achieved in English 
and Latin-script text recognition, research on Thai text 
recognition remains comparatively limited. Thai script 
presents distinctive challenges, such as complex character 
structures, combinations of consonants, vowels, and tone 

marks, and the absence of explicit word boundaries. These 
characteristics make Thai text recognition more challenging 
than tasks involving many Western languages [3].  

Several studies have investigated Thai text recognition in 
specific contexts. Singkhornart and Surinta [4] proposed a 
CNN–LSTM framework for multilingual video subtitle 
recognition, while Gonwirat et al. [5] introduced a fusion 
convolutional recurrent neural network for Thai–English 
subtitle text recognition. Other research has focused on Thai 
handwritten recognition; for instance, Chamchong et al. [3] 
and Srinilta and Chatpoch [6] explored deep learning and 
multi-task learning strategies for Thai manuscript text. 
However, existing studies primarily address either subtitle text 
or handwritten documents, and comprehensive frameworks 
for multilingual Thai–English scene and subtitle text 
recognition remain limited. 

Another major challenge is the inadequate availability of 
public datasets. Available Thai text datasets are relatively few 
and often domain-specific. The Multi-Language Video 
Subtitle (MLVS) dataset provides multilingual subtitle images 
[7], whereas the BEST2019 dataset [8] and the Thai Language 
Text Recognition OCR dataset [9] focus mainly on 
handwritten or synthetic text. These datasets do not fully 
capture the diversity of real-world Thai–English multi-script 
environments, particularly for natural scene text. To address 
this limitation, this study introduces a new dataset, the Thai–
English Multi-script Text Image (MSTI) Dataset, which 
contains real-world Thai–English text images collected from 
natural environments. 

Many deep learning methods use complex architectures or 
attention mechanisms that increase computational cost, 
limiting deployment in resource-constrained environments 
[10]. Efficient feature representation and fusion strategies are 
therefore essential. The main contributions of this work are 
summarized as follows. 

• ASTFF-Net is proposed for efficient Thai–English text 
recognition using adaptive spatial–temporal feature 
fusion. 
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• The Thai–English Multi-script Text Image (MSTI) 
dataset is introduced to support multilingual text 
recognition research. 

• Experimental results demonstrate improved 
recognition accuracy while maintaining computational 
efficiency compared with baseline methods. 

The rest of the paper is organized as follows. Section II 
reviews related work, Section III describes the proposed 
method, Section IV presents experimental results, and Section 
V concludes the paper. 

II. RELATED WORK 

Several studies have explored deep learning approaches 
for Thai and multilingual subtitle text recognition. 
Singkhornart and Surinta [4] proposed a convolutional neural 
network (CNN) combined with long short-term memory 
(LSTM) networks for multi-language video subtitle 
recognition. Their framework extracts spatial features using 
CNN layers and models sequential character dependencies 
with LSTM, which enables effective recognition of 
multilingual subtitle text under varying visual conditions. 
Extending this approach, Gonwirat et al. [5] introduced a 
fusion convolutional recurrent neural network that enhances 
feature representation by integrating convolutional and 
recurrent structures. Their method improves recognition 
performance for Thai and English subtitle text by enhancing 
spatiotemporal feature learning, which demonstrates the 
benefit of feature fusion strategies in subtitle recognition 
tasks. More recently, Jarutan et al. [11] further advanced this 
direction by introducing multimodal learning, combining 
convolutional recurrent neural networks (CRNN) with 
language models to improve text recognition. Their method 
utilizes visual and linguistic information in combination, 
where the language model provides contextual guidance to 
reduce recognition errors caused by ambiguous or visually 
similar characters. Experimental results across these studies 
show consistent improvements in subtitle text recognition 
accuracy, particularly in multilingual settings involving Thai 
and English scripts. 

In addition, Zhan et al. [12] proposed a length-aware 
center loss for Thai scene text recognition. To address stacked 
characters, complex layouts, and variable label lengths, the 
method employs length supervision and feature clustering 
modules during training, improving string-level and 
character-level accuracy without increasing inference cost. 

For the Thai handwritten text, Chamchong et al. [3] 
examined a text block–based approach for recognize Thai 
handwritten text on the historical Thai archive manuscripts. 
Their study addressed challenges associated with degraded 
document quality, complex character structures, and 
variations in handwriting styles. The proposed method 
focused on recognizing text blocks to better preserve 
contextual information and structural relationships within 
handwritten documents. The CNN and RNN were employed 
to extract discriminative features from manuscript images, 
which results in improved recognition performance under 
difficult archival conditions. 

Existing studies demonstrate significant progress in Thai 
and multilingual text recognition; however, the multi-layer 
adaptive spatial–temporal feature fusion network (ASTFF-
Net) [13] provides further improvement in discriminative 
spatiotemporal feature learning. The ASTFF-Net model 

combines spatial and temporal representations using an 
adaptive fusion mechanism that emphasizes informative 
features at multiple network layers. The framework integrates 
multi-level features to enhance discriminative ability while 
maintaining computational efficiency. 

III. METHODOLOGY 

This study extends the Adaptive Spatial-Temporal Feature 
Fusion Network (ASTFF-Net) [13] from image classification 
to scene text recognition. The proposed approach integrates 
ASTFF-Net as a spatiotemporal feature extractor with a 
connectionist temporal classification (CTC) [14] decoder for 
sequence learning without explicit character-level alignment. 
ASTFF-Net departs from the conventional CRNN 
architecture in its approach to both feature extraction and 
integration. While a standard CRNN typically utilizes a single 
feature representation from a CNN backbone for sequence 
modeling, ASTFF-Net distinguishes spatial and temporal 
feature learning by employing dedicated modules. By 
introducing an adaptive feature fusion network, the 
architecture effectively aggregates these complementary 
representations, yielding a more robust feature set for 
sequence transcription. The architecture of the proposed 
ASTFF-Net is illustrated in Fig. 1.  

 

Fig. 1. Framework of the Adaptive Spatial-Temporal Feature Fusion 

Network (ASTFF-Net) for Multilingual Text Recognition. 

The overall pipeline consists of three main components, as 
follows. 

A. Spatial and Temporal Feature Extraction Modules 

Given an input text image 𝐼 ∈ ℝ𝐻×𝑊×3, ASTFF-Net first 
extracts hierarchical spatial features using a deep 
convolutional backbone based on ResNet-50. The ResNet-50 
[15] architecture employs residual learning with identity 
shortcut connections, which reduce the vanishing gradient 
problem and enable effective optimization of deep networks. 
The backbone is constructed from stacked residual 
convolutional blocks, each consisting of convolution, batch 
normalization (BN), and a nonlinear activation function. The 
spatial feature map at layer 𝑙 is defined as 

 𝐅𝑙
𝑠 = 𝜎(BN(𝐖𝑙 ∗ 𝐅𝑙−1

𝑠 + 𝐛𝑙)), (1) 

where ∗  denotes convolution, 𝐖𝑙  and 𝐛𝑙  are learnable 
parameters, BN denotes batch normalization, and 𝜎(⋅) 
represents the activation function. Shortcut connections are 
integrated within the ResNet-50 blocks to allow the network 
to learn identity mappings, which stabilize training and 
improve gradient flow. This hierarchical structure captures 
low-level features such as character strokes and edges in early 
layers, while deeper layers encode high-level structural 
and contextual patterns of text. 

 To enable a sequence model for text recognition, the final 
spatial feature map 𝐅𝐿

𝑠  is reshaped into an ordered feature 
sequence that preserves horizontal spatial information: 
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 𝐗 = Reshape(𝐅𝐿
𝑠) ∈ ℝ𝑇×𝐷 ,  (2) 

where 𝑇  corresponds to time steps (character positions) 
and 𝐷 denotes the feature dimension. Temporal dependencies 
are then modeled using bidirectional LSTM [16] (BiLSTM) 
layers: 

 𝐡⃗𝑡 = LSTM𝑓(𝐱𝑡 , 𝐡⃗𝑡−1), 𝐡⃖𝑡 = LSTM𝑏(𝐱𝑡 , 𝐡⃖𝑡+1), (3) 

 𝐅𝑡
𝑡 = [𝐡⃗𝑡; 𝐡⃖𝑡].  (4) 

 This temporal model provides contextual understanding 
across neighboring character regions. 

B. Multi-Layer Adaptive Spatial-Temporal Feature Fusion 

The temporal representation 𝐅𝑡
𝑡  obtained from the 

BiLSTM in (4) is further refined using a one-dimensional 
convolution (Conv1D) to enhance local temporal consistency: 

 𝐅̂𝑡
𝑡 = Conv1D(𝐅𝑡

𝑡),  (5) 

where Conv1D operates along the sequence dimension to 
capture neighboring temporal patterns and smooth contextual 
variations. 

The transformed temporal features are then combined with 
the spatial feature map from (1) via feature concatenation [13]: 

 𝐅𝑙
𝑓

= Concat(𝐅𝑙
𝑠, 𝐅̂𝑡

𝑡), (6) 

where Concat( ⋅ ) represents channel-wise concatenation of 
feature map. This fusion mechanism integrates 
complementary information, where 𝐅𝑙

𝑠  preserves structural 

and visual characteristics of characters, and 𝐅̂𝑡
𝑡  encodes 

contextual dependencies across adjacent character regions. 

C. CTC-Based Sequence Model and Learning Strategy 

 The fused sequence features are projected into character 
probability distributions at each time step: 

 𝐲𝑡 = Softmax(𝐖𝑜𝐅𝑡
𝑓 + 𝐛𝑜), (7) 

where 𝐲𝑡 represents the predicted probability vector over the 
character classes at time step 𝑡, and 𝐖𝑜 and 𝐛𝑜 are learnable 
parameters. 

 CTC [14] computes the probability of a target label 
sequence 𝐥 by summing over all valid alignment paths 𝜋: 

 𝑃( 𝐥 ∣∣ 𝑦 ) = ∑ ∏ 𝑦𝑡
𝜋𝑡 ,𝑇

𝑡=1𝜋∈ℬ−1(𝐥)   (8) 

where 𝐲 = {𝐲1, … , 𝐲𝑇}  denotes the sequence of predicted 
probability vectors, 𝜋 = (𝜋1, … , 𝜋𝑇) represents an alignment 
path, and ℬ(⋅)  is the CTC mapping function that removes 
repeated labels and blank tokens. The target sequence 𝐥 =
(𝑙1, 𝑙2, … , 𝑙𝑈) corresponds to the ground-truth transcription of 
the input text image. 

 The training objective minimizes the CTC loss: 

ℒ𝐶𝑇𝐶 = −ln 𝑃(𝐥 ∣ 𝐲). (9) 

 The entire network is trained in an end-to-end maner using 
stochastic gradient descent. ASTFF-Net provides 
discriminative spatial-temporal representations, while the 
CTC objective enables alignment-free sequence learning.  

IV. EXPERIMENTAL RESULTS 

A. Text Image Datasets 

1) Multi-language Video Subtitle Dataset 

The Multi-language Video Subtitle (MLVS) Dataset 
constitutes a comprehensive benchmark designed to support 
research in multilingual text recognition from the text images. 
Collected by Singkhornart and Surinta [7] between 2020 and 
2021, the dataset comprises 4,224 subtitle images with a 
resolution of 1280 × 720 pixels, systematically extracted from 
24 real-world videos sourced from YouTube and Facebook. 
After the data cleaning process, duplicate images were 
removed, and 2,700 subtitle images were manually annotated 
covering 157 distinct character classes. These classes include 
Thai script components (consonants, vowels, and tone marks), 
English alphabetic characters, special symbols, Arabic 
numerals, and Thai numerals, representative of the 
multilingual and multi-script nature of real-world subtitle 
content. Statistical analysis indicates that most subtitle 
instances contain 10 to 40 characters, which aligns with 
typical subtitle lengths. A small proportion of images contain 
more than 60 characters. 

The dataset represents subtitles captured from real 
multimedia content in online multimedia environments and 
therefore provides realistic visual conditions for evaluating 
text recognition models. The diversity of subtitle appearance, 
including variations in typography, color, and background 
complexity, enhances its suitability for developing robust 
multilingual recognition systems. Sample images from the 
MLVS dataset are presented in Fig. 2. 

 
 (a)   (b) 

Fig. 2. Sample text images from the MLVS dataset that illustrate 

multilingual subtitle content: (a) English alphabetic characters combined 

with numerals and (b) Thai script combined with numerals. 

2) Thai-English Multi-script Text Image Dataset 

The Thai–English Multi-script Text Image (MSTI) 
Dataset is introduced as a benchmark dataset multilingual text 
recognition in natural scene images. The dataset comprises 
5,000 cropped text images (see Fig. 3) systematically 
extracted from 1,625 natural scene images captured using 
smartphone cameras. Text regions were obtained from diverse 
real-world contexts, including road signs, billboards, books, 
product labels, and restaurant menus, which represent realistic 
visual conditions encountered in practical applications. 

 
(a) 

 
 (b) 

Fig. 3. Sample text images from the MSTI dataset: (a) English script and 

(b) Thai script. 
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The MSTI dataset includes 161 unique character classes, 
which cover Thai consonants, vowels, tone marks, English 
alphabetic characters, punctuation symbols, Arabic numerals, 
and special symbols. This composition demonstrates the 
multilingual and multi-script nature of present-day textual 
content in Thai–English environments. Compared with the 
MLVS dataset, which contains 157 character classes, the 
MSTI dataset provides broader character coverage, including 
four additional special symbols (“+”, “@”, “[”, and “]”) that 
are not present in the MLVS dataset, while preserving 
comprehensive representation of both Thai and English 
scripts.  

B. Evaluation Metrics 

In these experiments, two metrics were employed to 
evaluate model performance in terms of recognition error and 
computational complexity, namely Character Error Rate 
(CER) and Giga Floating Point Operations (GFLOPs). 

1) Character Error Rate (CER): The performance of text 

recognition models is evaluated based on recognition errors 

using the CER metric [4], [5]. CER measures the proportion 

of incorrectly recognized characters and is calculated as 

𝐶𝐸𝑅 =  (𝐼 + 𝑆 + 𝐷)/𝑁,  where 𝐼, 𝑆,  and 𝐷  denote the 

numbers of insertion, substitution, and deletion errors, 

respectively, and 𝑁 represents the total number of characters 

in the reference text. 

2) Giga Floating Point Operations (GFLOPs): GFLOPs 

are a standard metric used to quantify the computational 

complexity of deep learning models. This metric represents 

the number of floating-point operations (in billions) required 

for a single forward pass, thereby measuring the inference 

cost. GFLOPs are widely employed to compare neural 

network architectures in terms of computational demand and 

efficiency, with the majority of operations typically 

contributed by convolutional and fully connected layers [17]. 

GFLOPs are obtained by scaling the total FLOPs to the giga 

unit, defined as 

𝐺𝐹𝐿𝑂𝑃𝑠 = 𝐹𝐿𝑂𝑃𝑠

109 , (10) 

where 1 Giga (109)  denotes one billion floating-point 
operations. A lower GFLOPs value indicates higher 
computational efficiency, since fewer arithmetic operations 
are required during inference. 

C. Experimental Setup and Implementation Details 

All models were implemented using Python 3.12.1 with 
TensorFlow 2.19.0. Experiments were conducted on a 
MacBook laptop equipped with an Apple M1 Max processor 
and 32 GB of RAM. For baseline comparisons, convolutional 
recurrent neural network (CRNN) architectures that combine 
CNN and BiLSTM components were employed, following the 
architectures proposed by Singkhornart and Surinta [4] and 
Gonwirat et al. [5]. In addition, spatiotemporal feature 
extraction was examined using the Adaptive Spatial-Temporal 
Feature Fusion Network (ASTFF-Net) proposed by 
Phiphitphatphaisit and Surinta [13]. 

The hyperparameter search strategy focused on optimizing 
both feature extraction and sequence representation 
components to achieve a balance between recognition 
accuracy and computational efficiency. A ResNet50 backbone 

pretrained on ImageNet was employed for feature extraction, 
with grayscale inputs of size 32 × 400 pixels and ReLU 
activation function. For sequence processing, LSTM layers 
with a dropout rate of 0.1 were utilized. Model training 
parameters were tuned within a constrained search space, 
where the Adam optimizer was employed with a learning rate 
of 1×10⁻⁴, a batch size of 8, and a maximum of 200 epochs. 
Early stopping was applied to prevent overfitting and to select 
the best-performing configuration based on validation 
performance. 

Model performance was evaluated using the CER metric 
on two text image datasets, MLVS and MSTI. For the MLVS 
dataset, the images were divided into 80% training and 20% 
test sets,  therefore, the training and test sets contained 3,380 
and 845 images, respectively. An additional experiment 
focused exclusively on English-script images, with 708 
images for training and 178 images for testing. For the MSTI 
dataset, all images were divided into training and test sets 
using an 8:2 ratio, such that the training and test sets contained 
4,000 and 1,000 images, respectively. 

D. Experimental Results and Analysis 

1) Results on the MLVS Dataset 

These experiments evaluate the performance of different 
text recognition models on the MLVS dataset, where all input 
images were resized to 32 × 400 pixels. The experiments were 
conducted in two parts: (1) evaluation on both Thai and 
English scripts and (2) evaluation on English script only. Both 
experimental setting were evaluated under consistent training 
and testing conditions. 

a) Evaluation on Both Thai and English Scripts 

In this experiment, baseline CRNN architectures employ 
BiLSTM layers for sequence representation, with CTC used 
to decode the output, These architectures include VGG [4], 
ResNet-s2 [5], and ResNet models. In contrast, the ASTFF-
Net embeds LSTM components directly within the feature 
extraction pipeline. The experimental results are presented in 
Table I. 

TABLE I.  COMPARISON OF COMPUTATIONAL COMPLEXITY AND 

RECOGNITION PERFORMANCE OF DIFFERENT TEXT RECOGNITION 

ARCHITECTURES ON THE MLVS DATASET 

Model Model 

Size 

(M) 

 

GFLOP

s 

(↓) 

Training 

Time 

(hh:mm) 

CER Value 

(↓) 

RNN Size RNN Size 

VGG [4] N/A N/A N/A 1:92 N/A 9.36 

ResNet-s2 [5] N/A N/A 1:04 1:07 6.94 6.44 

ResNet 2.37 0.28 3:14 3:18 5.56 5.37 

ResNet-

Attention 

(Our) 

2.41 0.28 3:40 3:45 4.21 3.86 

ASTFF-Net 

(Our) 

12.05 0.53 3:43 3:49 1.72 1.63 

 
Table I presents a quantitative comparison of different text 

recognition models in terms of model size, computational 
complexity (GFLOPs), training time, and CER. The baseline 
models, VGG [4] and ResNet-s2 [5], show higher CER values 
(9.36 and 6.44, respectively) but do not provide model size or 
GFLOPs information. The standard ResNet model achieves 
moderate performance with a CER of 5.37 while maintaining 
low computational cost (0.28 GFLOPs) and a compact model 
size (2.37M parameters). The integration of an attention 
mechanism improves recognition accuracy, as the ResNet-
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Attention model reduces CER to 3.86 with comparable 
computational cost. 

The proposed ASTFF-Net demonstrates the best overall 
performance and achieves the lowest CER of 1.63, which 
represents a substantial improvement in recognition accuracy. 
While this model has a larger size (12.05M parameters) and 
slightly higher computational cost (0.53 GFLOPs), the 
increase in complexity remains marginal relative to the 
significant performance improvement. 

Table II presents qualitative examples of text recognition 
errors for the proposed ASTFF-Net on the MLVS dataset.  

TABLE II.  QUALITATIVE EXAMPLES (A-C) OF TEXT RECOGNITION 

ERRORS BY ASTFF-NET ON THE MLVS DATASET 

(A) 

Text Image and 
Label 

 
ASTFF-Net Output 

 
CER value () 1.60 

(B) 

Text Image and 
Label 

 
ASTFF-Net Output 

 
CER value () 1.61 

 (C) 

Text Image and 
Label 

 
ASTFF-Net Output 

 
CER value () 1.62 

* Recognition errors are highlighted in blue and underlined. 

b) Evaluation on the English Script Only 

Based on the Fusion-CRNN+Seq2Seq framework [11], 
which evaluates the MLVS dataset using only the English 
script, ResNet, ResNet-Attention, and ASTFF-Net models 
were trained on English-script images. 

TABLE III.  COMPARISON OF COMPUTATIONAL COMPLEXITY AND 

RECOGNITION PERFORMANCE OF DIFFERENT TEXT RECOGNITION 

ARCHITECTURES ON THE MLVS DATASET (ENGLISH SCRIPT ONLY) 

Model Model 

Size 

(M) 

GFLOPs 

(↓) 

Training Time 

(hh:mm) 

CER Value 

(↓) 

RNN Size RNN Size 

ResNet 2.37 0.28 3:01 3:06 4.38 4.11 

ResNet-
Attention 

(Our) 

2.41 0.28 3.22 3.34 3.90 3.82 

Fusion-

CRNN+ 

Seq2Seq 
[11] 

N/A N/A 8:33 15:35 1.44 1.49 

ASTFF-

Net (Our) 

12.05 0.53 3:36 3:40 1.12 0.90 

 
Table III compares computational complexity and 

recognition performance of different text recognition 
architectures on the MLVS dataset when evaluated on English 
script. The Fusion-CRNN+Seq2Seq model [11] achieves 
strong recognition performance with CER values of 1.44 and 

1.49; however, it requires substantially longer training time 
(up to 15 hours). The standard ResNet baseline exhibits a 
higher CER value of 4.11 despite the low computational cost 
(0.28 GFLOPs) and compact model size (2.37M parameters). 
The addition of an attention mechanism improves recognition 
accuracy, as the ResNet-Attention model reduces CER to 3.82 
while maintaining comparable computational requirements. 

The proposed ASTFF-Net achieves the best overall 
performance with the lowest CER of 0.90, which indicates 
improved recognition accuracy. Although the model size 
(12.05M parameters) and GFLOPs (0.53) are higher than 
those of the ResNet baselines, training time remains 
comparable. These results demonstrate that the ASTFF-Net 
architecture provides a beneficial tradeoff between 
computational complexity and recognition performance and 
achieves significant accuracy improvements without 
excessive computational cost. 

2) Results on the MSTI Dataset 

In this experiment, three models, ResNet, ResNet-
Attention, and ASTFF-Net, are evaluated on the MSTI 
dataset. The experimental results are presented in Table IV. 

TABLE IV.  COMPARISON OF COMPUTATIONAL COMPLEXITY AND 

RECOGNITION PERFORMANCE OF DIFFERENT TEXT RECOGNITION 

ARCHITECTURES ON THE MSTI DATASET 

Model Model 

Size 

(M) 

GFLOPs 

(↓) 

Training Time 

(hh:mm) 

CER Value 

(↓) 

RNN Size RNN Size 

ResNet 2.37 0.28 3:31 3:44 21.39 21.16 

ResNet-

Attention 

(Our) 

2.41 0.28 3.52 3.58 16.44 16.31 

ASTFF-
Net (Our) 

12.05 0.53 3:50 3:57 13.41 13.22 

TABLE V.  QUALITATIVE EXAMPLES (A-C) OF TEXT RECOGNITION 

ERRORS BY ASTFF-NET ON THE MSTI DATASET 

(A) 

Text Image and 
Label 

 
ASTFF-Net Output 

 
CER value () 13.21 

(B) 

Text Image and 
Label 

 
ASTFF-Net Output 

 
CER value () 13.23 

 (C) 

Text Image and 
Label 

 
ASTFF-Net Output 

 
CER value () 13.21 

* Recognition errors are highlighted in blue and underlined. 

As shown in Table IV, the baseline ResNet exhibits the 
highest CER (21.16), while the ResNet-Attention model 
reduces to 16.31 with a negligible increase in parameters. 
Conversely, the proposed ASTFF-Net achieves the superior 
CER of 13.22%. Despite its larger size (12.05M) and 
increased computational cost (0.53 GFLOPs), ASTFF-Net 
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maintains a training duration comparable to the baseline 
models, demonstrating a favorable performance-efficiency 
trade-off. 

Although ASTFF-Net improves overall recognition 
performance, some errors remain under visually ambiguous 
conditions, including low-resolution or blurred text, structural 
similarity characters, long Thai phrases without explicit word 
boundaries, and complex backgrounds. 

While the proposed ASTFF-Net introduces more 
parameters than the ResNet-Attention baseline, the increase in 
computational complexity remains moderate relative to the 
observed performance improvements. This expansion 
primarily originates from the spatial-temporal feature fusion 
module, which enhances feature representation. 
Consequently, the model substantially reduces CER across all 
datasets; for example, the MLVS English subset declines from 
3.82% to 0.90%. These results demonstrate a competitive 
accuracy-complexity trade-off, where measured 
computational costs yield superior recognition performance. 

Qualitative examples of text recognition errors produced 
by the proposed ASTFF-Net on the MSTI dataset are 
presented in Table V. 

    
    (a)  (b) 

Fig. 4. Training and validation loss curves over epochs for the ASTFF-Net 

model on the (a) MLVS and (b) MSTI datasets. 

Fig. 4 illustrates the training and validation loss curves for 
ASTFF-Net on the MLVS and MSTI datasets. Both losses 
converge rapidly within the first 20 epochs, followed by stable 
validation performance and a minimal generalization gap. 
This behavior indicates effective learning without significant 
overfitting, confirming that the early stopping strategy 
successfully maintains model stability throughout the training 
process. 

V. CONCLUSION 

This study introduced ASTFF-Net, an adaptive spatial–
temporal feature fusion framework for multilingual text 
recognition. The architecture integrates spatiotemporal feature 
extraction with an adaptive fusion mechanism to enhance 
discriminative representations without increasing 
computational complexity. Experiments on the MLVS and 
MSTI datasets, which include both Thai and English scripts, 
demonstrated that the proposed model consistently 
outperformed baseline CRNN-based and attention-enhanced 
architectures and achieved CER values of 1.63 on the MLVS 
dataset and 13.22 on the MSTI dataset. Analysis of the 
training and validation loss curves indicates stable 
convergence and controlled generalization, supported by the 
early stopping strategy. 

Future work will reduce model size and GFLOPs while 
preserving accuracy. Structured model pruning will be 
explored to remove redundant parameters and channels, which 
supports a lightweight architecture suitable for deployment in 
resource-constrained environments. 
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