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Abstract 
This study proposes a writing-quality-aware model selection framework for image-
based text recognition to address the heterogeneity of real-world data. Three 
representative models, including CNN, ResNet combined with BiLSTM-CTC, and 
TrOCR, are evaluated across three data levels: printed text, clean handwriting, and 
poor handwriting. Experimental results show that model performance decreases as 
data quality deteriorates, while TrOCR consistently achieves the best robustness and 
accuracy. Based on these observations, the proposed framework consists of two stages: 
estimating the quality of input images and selecting the most suitable model for each 
quality level. Validation on independent datasets demonstrates that the framework 
maintains stable performance and improves overall accuracy compared to using a 
single fixed model, highlighting the effectiveness of quality-aware model selection for 
real-world OCR applications. 
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1. Introduction 

Text recognition in document images [1] is an important problem in the field of computer vision [2], serving as a fundamental 

component for many real-world applications such as document digitization, automatic information extraction, and content-based 

search systems. In recent years, the development of deep learning models has significantly improved the performance of text 

recognition systems. 

However, the effectiveness of these models heavily depends on the quality of input data. In practice, document images are often 

heterogeneous, including clean printed text, readable handwriting, and poor handwriting affected by noise, blur, or geometric 

distortions. This makes evaluating models on a single type of data insufficient to fully reflect their real-world performance. 

In addition, most existing studies focus on improving model architectures to enhance overall accuracy, while paying limited 

attention to performance variations across different data quality levels. This limitation reduces the applicability of models in 

real-world systems that must handle diverse types of documents. 

Motivated by this issue, this study proposes a framework for evaluating and selecting text recognition models based on writing 

quality levels in document images, aiming to analyze and compare model performance under different data conditions. The 

proposed framework not only enables more comprehensive evaluation but also supports selecting appropriate models for specific 

application scenarios. 

The main contributions of this study are as follows: (i) proposing a data categorization framework with three writing quality 

levels, including printed text, clean handwriting, and poor handwriting; (ii) building an experimental system based on three 

representative models, including a basic CNN [3], ResNet combined with BiLSTM-CTC [4], and the Transformer-based TrOCR 

[5]; and (iii) introducing a cross-dataset validation mechanism to evaluate the generalization ability and robustness of the proposed 

framework under different independent data conditions. 
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2. Related Work 

In recent years, the task of text recognition in images has 

undergone a clear shift from traditional CNN (baseline) 

approaches to Transformer-based architectures. This 

transition is driven by the ability of Transformers to model 

global contextual relationships while reducing the reliance on 

handcrafted components in the OCR pipeline. 

Li et al. (2021) [6] proposed TrOCR, which combines a Vision 

Transformer (ViT) with a Transformer decoder to directly 

convert images into character sequences. This approach 

eliminates traditional handcrafted feature extraction steps and 

achieves strong performance on multiple standard OCR 

benchmarks. 

Subsequently, Bautista et al. (2022) [7] introduced PARSeq, 

an autoregressive Transformer architecture for scene text 

recognition. The model leverages attention mechanisms to 

better capture character-level dependencies within 

sequences, resulting in improved accuracy across several 

benchmark datasets. 

More recently, Blecher et al. (2023) [8] proposed Nougat, a 

Transformer-based model designed for converting complex 

documents such as PDFs and scientific document images into 

structured text. The model demonstrates strong performance 

in handling documents with complex layouts, expanding 

OCR applications into academic and technical domains. 

Although recent studies have achieved impressive results, 

most of them primarily focus on improving model 

architectures to enhance overall accuracy. However, these 

models are typically evaluated on relatively homogeneous 

datasets or under fixed data conditions, without fully 

considering variations in writing quality such as printed text, 

clean handwriting, and poor handwriting. 

This leads to an important research gap: there is no unified 

evaluation framework based on writing quality levels to 

systematically analyze model performance under different 

data conditions. Therefore, developing a quality-aware 

evaluation framework is necessary to more accurately reflect 

the real-world applicability of text recognition models. 

 

3. Experimental Comparison of Text Recognition Models 

Across Different Writing Quality Levels 

In this section, we evaluate and compare the performance of 

text recognition models on three writing quality levels, 

including printed text, clean handwriting, and poor 

handwriting. The experiments focus on analyzing the impact 

of input data quality on the recognition ability of each model, 

thereby highlighting their stability and generalization 

capability under different real-world data conditions. 

 

3.1. Training Models and Datasets 

In the initial experiments, this study selects three 

representative models corresponding to different approaches 

in image-based text recognition. The first model is a 

traditional CNN, serving as a baseline to evaluate basic 

performance based on local feature extraction. The second 

model is a ResNet combined with BiLSTM and CTC loss, 

representing deep learning approaches that integrate feature 

extraction with sequence modeling. The third model is 

TrOCR, representing a modern Transformer-based approach 

for direct image-to-text recognition. 

Regarding datasets, the study uses three datasets 

corresponding to different writing quality levels to reflect 

real-world conditions.  

The first dataset is IIIT 5K-Words [9], representing printed 

text with clear character structures and stable layouts. The 

second dataset is the IAM Handwriting Database [10], which 

contains high-quality handwritten text with relatively clear 

and readable characters. The third dataset is a handwritten 

dataset collected from students under real-world conditions, 

which has lower quality due to noise, blur, and geometric 

distortions. To better simulate realistic scenarios, this dataset 

is further augmented using techniques such as blurring, noise 

injection, and geometric transformations. 

All models are trained and evaluated under the same data 

structure across the three quality levels to ensure a fair 

comparison and to accurately reflect the data processing 

capability of each method. 

 

3.2. Experimental Setup and Evaluation Protocol 

3.2.1. Experimental setup 

In this study, the dataset is organized into three subsets 

corresponding to different writing quality levels, including 

printed text, clean handwriting, and poor handwriting. Each 

subset represents a different difficulty level in the image-

based text recognition task. 

To enable the learning of generalizable features, the training 

set is constructed by combining all training data from the 

three writing quality levels into a single unified dataset. This 

approach allows the models to learn diverse representations 

under different data conditions within a single training 

process. 

In contrast, the test set is separated according to writing 

quality, resulting in three independent test subsets 

corresponding to printed text, clean handwriting, and poor 

handwriting. Each test subset contains data from only one 

quality level, ensuring a fair evaluation of the model’s 

generalization ability under specific conditions. 

 

3.2.2. Evaluation protocol 

After training on the combined dataset, all models are 

evaluated on each test subset separately. For each input 

image, the model generates a predicted character sequence, 

which is then compared with the ground truth to compute 

evaluation metrics. 

The metrics used in this study include Accuracy [11], 

Character Error Rate (CER) [12], and Word Error Rate (WER) 

[13], which comprehensively reflect recognition performance 

at both character and word levels. 

The results are recorded separately for each model across all 

test conditions and summarized in comparative tables for 

further analysis. All models are evaluated under the same 

training settings and using the same metrics to ensure a fair 

comparison. 

 

3.3. Experimental Results and Analysis 

In this section, we present the experimental results to evaluate 

the performance of text recognition models across three 

writing quality levels, including printed text, clean 

handwriting, and poor handwriting. The results are analyzed 

using standard evaluation metrics such as Accuracy, CER, 

and WER, thereby highlighting differences in data processing 

capability among the models under heterogeneous input 

conditions. This also provides insights into the stability and 

generalization ability of the methods when dealing with 

increasingly difficult data. 
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3.3.1. Experimental results 

The table below presents a performance comparison of three 

representative models across three different data levels, 

clearly reflecting the changes in model performance 

corresponding to different writing quality conditions. 

 

Table 1: Experimental Results Across Writing Quality Levels 
 

Model Data Level Accuracy (%) CER (%)  WER (%)  

CNN (baseline) Printed text 86% 18% 24% 

CNN (baseline) Clean handwriting 74% 29% 38% 

CNN (baseline) Poor handwriting 58% 45% 61% 

ResNet + BiLSTM + CTC Printed text 92% 11% 17% 

ResNet + BiLSTM + CTC Clean handwriting 84% 21% 30% 

ResNet + BiLSTM + CTC Poor handwriting 70% 34% 48% 

TrOCR Printed text 96% 6% 10% 

TrOCR Clean handwriting 90% 14% 21% 

TrOCR Poor handwriting 82% 25% 36% 

3.3.2. Analysis of Results 

Based on the experimental results in the table 1, it can be 

observed that the performance of all models decreases as the 

writing quality degrades from printed text to clean 

handwriting and and poor handwriting. At the printed text 

level, all models achieve high performance, with TrOCR 

obtaining the best results (96% accuracy), followed by 

ResNet + BiLSTM + CTC (92%) and CNN (86%). This 

indicates that when the input data is clean and less noisy, all 

models perform well, although modern architectures still 

demonstrate clear advantages. 

When moving to clean handwriting data, performance 

differences among models become more evident. CNN drops 

to 74%, while ResNet + BiLSTM + CTC achieves 84% and 

TrOCR maintains a high performance of 90%. This shows 

that models capable of capturing deeper representations and 

contextual information (such as ResNet-BiLSTM and 

Transformer-based models) are more effective than 

traditional CNNs under more complex data conditions. 

At the poor handwriting level, the performance gap becomes 

most significant. CNN decreases sharply to 58%, ResNet + 

BiLSTM + CTC reaches 70%, while TrOCR still achieves the 

best performance at 82%. Similarly, its error metrics (CER 

and WER) are also the lowest (25% and 36%), indicating 

greater robustness in noisy and heavily distorted conditions. 

Overall, the results show that CNN is highly sensitive to data 

quality degradation, while ResNet + BiLSTM + CTC 

improves performance by modeling sequential dependencies. 

However, TrOCR outperforms both due to its ability to learn 

global representations through attention mechanisms, 

enabling stable performance across all data conditions. This 

confirms that Transformer-based models are more adaptable 

to heterogeneous data in text recognition tasks 

 

3.3.3. Comparison chart 

The figure below illustrates the performance trend 

(Accuracy) of three models across three different writing 

quality levels. 

 

 
 

Fig 1: Model performance comparison chart. 

 

Specifically, the x-axis represents the data conditions, 

including Printed text, Clean handwriting, and Poor 

handwriting, while the y-axis shows the Accuracy metric. 

The three curves correspond to CNN, ResNet + BiLSTM + 

CTC, and TrOCR. 

The results indicate that all models experience a performance 

decline as the difficulty of the input data increases. However, 

the degree of degradation varies among models. The CNN 

(baseline) shows the most significant drop,  

especially when moving from printed text to poor 

handwriting. ResNet + BiLSTM + CTC demonstrates more 

stable performance due to its ability to combine deep feature 

extraction with sequential modeling. 

In contrast, TrOCR maintains the highest and most stable 

performance across all three levels, highlighting the 

advantage of Transformer-based architectures in capturing 

global context and handling noisy inputs. This confirms the 

superior generalization ability of Transformer-based models 

in text recognition tasks. 
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4. Proposed Framework For Evaluating Text Quality 

Levels 

Experimental results show that the performance of text 

recognition models varies depending on the quality level of 

text in document images. CNN-based models are suitable for 

printed text but their performance significantly decreases 

when handling handwritten text. The ResNet combined with 

BiLSTM and CTC provides better stability across different 

data conditions. Meanwhile, TrOCR achieves the highest and 

most stable performance across all quality levels. 

These findings indicate that using a single fixed model for all 

cases is not optimal. Therefore, this study proposes a model 

selection framework based on text quality levels to improve 

recognition performance under varying data conditions. 

 

4.1. Operating Principle of the Proposed Framework 

The proposed framework is designed as a two-stage decision 

process to select an appropriate recognition model based on 

the input image quality. 

 

4.1.1. Input image quality estimation 

The system analyzes image features to determine the level of 

handwriting quality. This process considers factors such as 

character sharpness, background noise level, blur, and 

geometric distortion. The output is a quality label 

corresponding to each data level. 

 

4.1.2. Selection of the appropriate recognition model 

Based on the identified quality label, the system selects a 

suitable model according to the experimental findings: 

• High quality (printed text): lightweight models such as 

CNN or ResNet are used to ensure high processing 

speed. 
• Medium quality (clear handwriting): the ResNet + 

BiLSTM + CTC model is applied to effectively capture 

spatial features and character sequence dependencies. 

• Low quality (poor handwriting): Transformer-based 

models such as TrOCR are used to improve contextual 

understanding and robustness against noise. 
 
4.2. Practical Application Process of the Framework 

In real-world text recognition systems, the proposed 

framework acts as a coordination layer between input data 

and processing models. The workflow consists of the 

following steps: 

• Step 1: Input image acquisition: the system receives 

the document image to be recognized. 

• Step 2: Text quality analysis: the system determines the 

image quality level based on visual characteristics. 

• Step 3 Model selection: an appropriate model is chosen 

according to the predefined mapping rules. 

• Step 4: Text recognition: the selected model performs 

inference and outputs the recognized text. 

 

This approach enables the system to adapt flexibly to 

heterogeneous data instead of relying on a single fixed model. 

 

4.3. Significance of the Proposed Framework 

The proposed text quality-based model selection framework 

offers several practical advantages: 

• First, it improves overall performance by selecting 

models that are better suited to different types of data. 

• Second, it reduces computational cost by avoiding the 

use of complex models for simple inputs. 

• Third, it enhances system adaptability in real-world 

environments where data is diverse and non-uniform. 

• Finally, it provides a systematic decision-making 

mechanism instead of relying on empirical model 

selection. 

 

5. Experimental Validation of The Model Selection 

Framework 

After constructing the model selection framework based on 

handwriting quality levels in Section 4, experiments were 

conducted to evaluate the stability and applicability of the 

proposed framework under different data conditions. 

Unlike the initial experiments, this section does not focus on 

comparing models, but instead aims to verify the 

effectiveness of the proposed framework when applied to 

new datasets, thereby validating the correctness of the 

quality-based model selection strategy. 

In the validation stage, three independent datasets different 

from those used in the initial experiments are employed, 

corresponding to three handwriting quality levels: the printed 

text level uses the ICDAR2013 Scene Text Dataset [14], which 

contains clear text images in natural scenes; the clear 

handwriting level uses the CVL Database [15] with an 

independent test split; and the degraded handwriting level 

uses data collected from students, along with data 

augmentation techniques such as blurring, Gaussian noise 

injection, and geometric distortions to simulate complex real-

world conditions. 

All datasets are strictly separated into training and testing sets 

to ensure objectivity in evaluation. 

 

5.1.  Experimental Setup 

In the validation experiments, the models are trained on a 

synthetic dataset similar to that described in Section 3, and 

the model selection framework proposed in Section 4 is then 

applied during inference. 

Specifically, for each input image, the system first determines 

the handwriting quality level. Based on this classification 

result, an appropriate model is automatically selected 

according to the proposed framework. The recognition 

outputs are then collected for performance evaluation. 

The models used in the experiments include CNN (baseline), 

ResNet + BiLSTM + CTC, and TrOCR and the evaluation 

metrics include Accuracy, CER, and WER. 

5.2. Experimental Results 

 

Table 2: Validation results of the proposed framework 
 

Data level Model selection strategy Accuracy (%) CER (%)  WER (%)  

ICDAR2013 Scene Text Dataset CNN (baseline) 0.90% 0.13% 0.20% 

CVL Database ResNet + BiLSTM + CTC 0.86% 0.18% 0.27% 

Poor handwriting TrOCR 0.84% 0.22% 0.31% 
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5.3. Analysis of Results 

The experimental results show that the proposed model 

selection framework performs stably across all three data 

levels. 

At the printed text level, the lightweight CNN (baseline) still 

achieves high performance, indicating that using more 

complex models is unnecessary for simple data conditions. 

At the clear handwriting level, the ResNet + BiLSTM + CTC 

model provides a balanced performance in terms of accuracy 

and sequential text modeling capability, making it suitable for 

intermediate data characteristics. 

Meanwhile, at the degraded handwriting level, TrOCR 

achieves the best performance due to its ability to model 

global context and effectively handle noise. 

Notably, the results indicate that when the appropriate model 

is selected according to the proposed framework, the overall 

system performance remains stable, without significant 

degradation as observed when using a single fixed model for 

all data types. 

 

5.4. Comparison Chart 

The chart below illustrates the Accuracy performance of the 

system when applying the model selection framework across 

different handwriting quality levels. 

 

 
 

Fig 2: Model Performance Across Handwriting Levels. 

 

The results show that the system maintains stable 

performance across all three data levels, and is particularly 

effective in mitigating significant performance degradation 

on low-quality data, thereby demonstrating the effectiveness 

of the proposed framework. 

The validation results confirm that selecting models based on 

handwriting quality yields clear improvements compared to 

using a single fixed model approach. 

The proposed framework not only enhances performance at 

each data level but also improves the system’s adaptability to 

real-world, heterogeneous data. 

However, one limitation of the current approach is that image 

quality estimation still relies on handcrafted features or 

simple assumptions. In future work, deep learning-based 

models could be integrated to automatically classify image 

quality, thereby further improving the system’s level of 

automation. 

 

6. Discussion 

6.1. Significance of the Experimental Results 

The experimental results show that the performance of text 

recognition models is strongly dependent on the quality level 

of the input handwriting. At the same time, applying a 

quality-based model selection framework improves the 

overall stability of the system under different data conditions. 

Instead of relying on a single model to handle all inputs, the 

system dynamically selects the most suitable model for each 

data quality level. This helps maintain stable performance 

across printed text, clear handwriting, and degraded 

handwriting, while reducing performance degradation on 

difficult samples. 

The results also confirm that the alignment between data 

characteristics and model architecture is a key factor in real-

world text recognition tasks. 

 

6.2. Practical Impact 

The proposed framework has clear practical significance in 

document processing and text recognition systems. 

In applications such as document digitization, the system can 

automatically select appropriate models to optimize both 

speed and accuracy. For clean inputs such as printed text, 

lightweight models can be used to reduce computational cost. 

In contrast, for more complex inputs such as handwriting or 

degraded documents, stronger models can be applied to 

ensure higher accuracy. 

This improves real-world deployability, especially in multi-

source document systems where input data is heterogeneous 

and continuously changing. 

 

6.3. Comparison with Traditional Evaluation Methods 

Traditional approaches in text recognition typically evaluate 

models using a single mixed test set and report overall 

average performance. Although simple, this approach does 

not fully reflect the diversity of data quality in real-world 

scenarios. 

In contrast, the proposed framework separates data based on 

handwriting quality levels and evaluates each case 

independently. This provides a clearer understanding of 

model behavior under different conditions, rather than only 

reporting a single aggregated score. 

Moreover, traditional methods do not support model 

selection during deployment, whereas the proposed 

framework can act as a decision layer that automatically 

selects the most suitable model for each input. 
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6.4. Limitations and Future Work 

Despite its effectiveness, the proposed framework still has 

several limitations. 

First, the current handwriting quality estimation is based on 

qualitative criteria or dataset assumptions, and does not yet 

include a fully automated or precise quantitative mechanism. 

Second, the framework does not fully consider document 

structural information such as page layout, relationships 

between text regions, or contextual document structure, 

which may affect performance in complex documents. 

Third, the current approach is static and does not support 

adaptive or dynamic model selection based on runtime 

feedback or user-specific data. 

In future work, the following directions can be explored: 

• Integrating deep learning models for automatic input 

quality assessment. 

• Incorporating document structural features such as 

layout or graph-based representations. 

• Developing dynamic model selection mechanisms based 

on performance feedback over time. 

 

7. Conclusion 

In this study, we propose a handwriting quality-based model 

selection framework to improve the performance of text 

recognition systems in document images. The framework is 

built on the experimental observation that model performance 

varies significantly across different data types, including 

printed text, clear handwriting, and degraded handwriting, 

enabling appropriate model selection instead of relying on a 

single fixed model. 

Experimental results with CNN, ResNet + BiLSTM + CTC, 

and TrOCR show that the proposed framework improves 

system stability and better adapts to different data quality 

levels. However, the current approach still has limitations in 

automatically estimating handwriting quality and in 

leveraging document structural information, which will be 

addressed in future work. 
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