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Scene Text Recognition (STR) has emerged as a critical research area in computer vision, enabling machines 

to interpret textual information embedded in natural scenes. Despite significant progress with deep learning, 

current Optical Character Recognition (OCR) systems still face challenges in generalizing across varying 

languages, fonts, distortions, and environmental conditions. This study provides a comprehensive 

evaluation of six state-of-the-art OCR models across eight English benchmark datasets and a newly 

introduced Turkish scene text dataset (TS-TR). Beyond conventional metrics such as accuracy and F1-score, 

the analysis incorporates character-level error types and substitution patterns to reveal systematic 

weaknesses in model behavior. The comparative results emphasize the superiority of Transformer-based 

architectures, particularly MGP-STR, in diverse scene conditions, while also highlighting performance 

degradation in morphologically rich and non-English languages. These findings underline the need for 

multilingual adaptation, linguistically informed modeling, and hybrid visual language approaches to achieve 

robust and language-aware OCR systems applicable to real-world scenarios. 

 
1. Introduction 

 
Optical Character Recognition (OCR) technology has undergone decades of evolution, from early rule-based algorithms 

to today’s deep learning models. The earliest OCR systems, dating back to the mid-20th century, relied on template 

matching and hand-crafted feature analysis to recognize text in scanned documents [1]. For example, the Tesseract engine 

developed in the 1980s relied on a sequential processing architecture, including connected-component analysis, character 

segmentation, and classification stages, achieving high accuracy on clean, printed text [2]. These traditional approaches, 

however, struggled with real-world scene text images, which often include diverse fonts, complex backgrounds, arbitrary 

orientations, and uneven illumination. Indeed, while mature OCR solutions work well on clean documents, most 

traditional methods proved ineffective for scene text recognition (STR) tasks due to the diverse text appearances and 

imperfect imaging conditions in real-world scenes [1]. 

 

The advent of deep learning revolutionized OCR by enabling end-to-end learning of feature representations. Modern STR 

models eliminate rigid stage-by-stage processing frameworks and instead adopt neural networks that directly map image 

pixels to character sequences in an end-to-end manner. A seminal example is the work of Shi et al. who introduced an 

encoder–decoder framework combining a convolutional neural network (CNN) for visual feature extraction with a 
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recurrent neural network (RNN) (e.g. a bi-directional LSTM) for sequence modeling and decoding [3]. This approach 

significantly outperformed prior hand-engineered methods, marking a turning point in the field. Subsequent 

improvements incorporated attention mechanisms and spatial transformer-based image rectification modules to handle 

perspective distortions, further boosting recognition accuracy on challenging images [1]. Over the past decade, such deep 

learning approaches have firmly established themselves as the dominant paradigm for STR.  

 

In recent years, Transformer-based architectures have pushed the state-of-the-art in scene text recognition even further. 

Transformers, with their self-attention mechanism, have become a de facto standard for sequence modeling tasks, 

including text recognition [4]. Many of the latest STR models integrate Transformers either as the decoder component or 

throughout the encoder–decoder network, yielding superior ability to capture long-range dependencies in text sequences 

[4]. For instance, the TrOCR model by Li et al. employs a Vision Transformer (ViT) encoder and an autoregressive 

Transformer decoder, leveraging pre-trained vision and language modules to achieve highly accurate end-to-end text 

recognition [5]. Likewise, the recently proposed MGP-STR approach combines a ViT backbone with a novel multi-

granularity prediction strategy (injecting sub-word representations from natural language processing) to implicitly 

incorporate linguistic context [6]. This Transformer-only STR model achieved an unprecedented ~93.3% average word 

accuracy on standard benchmarks, outperforming previous state-of-the-art vision-only and language-augmented 

methods [6]. These developments exemplify the rapid transition from CNN-RNN based architectures to Transformer-

driven models that now dominate the field of OCR. 

 

Alongside model advancements, the evaluation benchmarks for scene text have also diversified. Researchers assess OCR 

algorithms on a range of challenging datasets, each reflecting different real-world complexities. Early benchmarks from 

the ICDAR competitions (e.g. ICDAR 2003, 2013) introduced images of text in relatively controlled scenarios, whereas 

later contests like ICDAR 2015 focused on “incidental” scene text with more severe distortions, occlusions, and noise. 

Similarly, the IIIT-5K and Street View Text (SVT) datasets contain cropped word images from street signs and natural 

scenes, including many low-resolution and perspective-distorted examples [7]. More recent benchmarks emphasize 

extreme conditions: SVT-Perspective (SVTP) captures heavily perspectival text, CUTE80 was curated for curved text 

instances, and Total-Text features a variety of multi-oriented and curved text in diverse fonts. These datasets collectively 

highlight the formidable challenges in scene text recognition, such as low contrast, motion blur, low resolution, and 

uneven illumination, often compounded by complex backgrounds and arbitrary orientations [7,8]. A truly robust OCR 

model must therefore generalize across this spectrum of conditions, handling everything from well-focused frontal text 

to highly distorted or stylized text in the wild. 

 

While performance metrics on standard benchmarks have steadily improved, a detailed understanding of OCR error 

patterns remains crucial. Character-level error analysis provides insight into systematic failure modes (e.g. confusions 

between visually similar characters, or consistent mistakes on certain symbols) that aggregate word-level metrics might 

obscure. However, the literature has largely focused on overall word accuracy, with relatively few works examining fine-

grained error patterns or reporting character-level metrics. In fact, many studies propose new STR models and report 

impressive accuracy, but a holistic and fair comparison across methods has often been missing due to inconsistent 

evaluation protocols and datasets [9]. This leaves a gap in understanding why and how different algorithms fail. For 

instance, identifying common substitution errors (such as '0' vs 'O' or '1' vs 'l' swaps) and measuring special character error 

rates can pinpoint weaknesses in recognition algorithms; yet these aspects are seldom discussed in depth in prior research. 

The scarcity of such analyses underlines the importance of evaluating not only how often models error, but also in what 

ways they err – knowledge that is critical for guiding future improvements in OCR systems. 

 

Motivated by these observations, the present work offers a comprehensive comparative study of six different OCR 

algorithms on a suite of eight scene-text benchmarks. The methods evaluated span from a classic rule-based engine to 

modern deep learning models including the open-source Tesseract OCR engine, popular deep learning frameworks like 

EasyOCR, Keras OCR, and DoCTR, a Transformer-based model (TrOCR), and the advanced vision Transformer model 

MGP-STR. By evaluating all six methods across diverse datasets (ICDAR 2003, ICDAR 2013, ICDAR 2015, IIIT5K, SVT, 

SVT-P, TotalText, and CUTE80) using multiple evaluation metrics (word accuracy, precision, recall, F1-score, character-

level Levenshtein edit distance, special-character errors, and counts of common misrecognitions), we systematically 
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compare the strengths and weaknesses of each approach. The analysis highlights each algorithm’s robust points and failure 

modes, as well as their resilience to varied text styles and image conditions. Notably, our results confirm the superior 

overall performance of the Transformer-based MGP-STR model across most benchmarks, while also illuminating the 

types of errors that even state-of-the-art models still struggle with (e.g. reading low-contrast or curved text). By providing 

a detailed error breakdown alongside aggregate scores, this study aims to fill the aforementioned gap in the literature 

offering a nuanced, character-level evaluation of modern OCR systems on challenging scene text data. Such insights are 

intended to guide researchers in addressing the remaining challenges of scene text processing and to pave the way for 

more robust and generalizable OCR solutions in the future. 

 

This paper consists of six sections. In the second section, the historical development of OCR technology, traditional 

methods, deep learning-based approaches and existing literature are discussed in detail. In the third section, the OCR 

algorithms used, the benchmark datasets used in the experiments, the data preprocessing steps and the evaluation metrics 

are presented in detail. The fourth section describes the experimental setup and systematically compares the performance 

of different models on various datasets. The fifth section discusses the strengths and weaknesses of the existing models 

and analyzes the error types and performance variations based on the findings. The sixth and final section summarizes 

the overall conclusions of the study and makes recommendations for future research in light of the findings. 

 

2. Literature Review 
 

In recent years, artificial intelligence and machine learning have been widely applied across diverse domains such as 

medical diagnosis and biomedical risk analysis [10-12], image synthesis and generative modeling [13-15], metaheuristic 

and optimization-based engineering design [14,15], renewable energy applications [16], and automated classification 

systems in various environmental and biological contexts [17-20], demonstrating the broad impact of modern deep 

learning and metaheuristic approaches. Among these diverse application areas, one of the most established and 

extensively utilized fields is Optical Character Recognition (OCR), which focuses on the automated conversion of visual 

text into machine-readable form. OCR technology has a long history in converting printed documents into digital text 

and has achieved remarkably high accuracy rates in scanned documents [21]. In contrast, reading text from natural scene 

images known as Scene Text Recognition (STR) is considered significantly more challenging than traditional OCR due to 

factors such as complex backgrounds, variable fonts, geometric distortions, low resolution, and inconsistent illumination 

[22,23]. Indeed, these challenges have drawn substantial attention from both academia and industry, guiding research 

through competitions and benchmarks such as the ICDAR “Robust Reading” series [22]. STR can be regarded as a 

specialized subfield of OCR that aims to read text appearing in camera-captured images [1,23]. Early approaches to scene 

text recognition were typically based on character-level segmentation and hand-crafted feature extraction. These methods 

employed features such as Histogram of Oriented Gradients (HOG) to detect and recognize characters, which were then 

combined into words using language dictionaries. Wang et al. utilized HOG features and a Random Ferns classifier to 

detect character regions in scene images and subsequently applied a Pictorial Structures model to assemble these regions 

into words [24]. Similarly, several studies adopted graphical models or Conditional Random Fields (CRF) to better model 

dependencies between neighboring characters. In such frameworks, positional and class information of characters were 

jointly evaluated on a graph structure to produce more coherent word sequences [25]. However, the limited expressive 

power of these manually engineered features led to significant performance degradation in scenes containing complex 

backgrounds, low contrast, skewed alignments, or distorted text [23]. These limitations motivated the development of 

more flexible, data-driven deep learning approaches capable of automatically extracting discriminative features [26]. A 

notable milestone in this direction was the PhotoOCR system introduced by Bissacco et al. in 2013 [27]. Developed at 

Google, this system combined a multi-stage neural network with an integrated language model to recognize text 

embedded in natural scenes. By leveraging large-scale data and deep learning techniques, PhotoOCR achieved markedly 

higher accuracy rates compared to conventional methods of its time. Specifically, it employed a fast cascade classifier for 

character detection and a language model that refined predictions by exploiting contextual information, thereby 

improving the overall readability of scene text. The PhotoOCR framework was particularly significant in demonstrating 

that scene text recognition should be addressed not only as a computer vision problem but also as a linguistic and 

contextual understanding task [27]. 
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Since the mid-2010s, deep learning–based approaches have rapidly become the dominant paradigm in scene text 

recognition. In particular, the automatic feature-learning capability of artificial neural networks has eliminated the need 

for manual feature engineering, leading to significant improvements in recognition accuracy [23]. One of the key 

innovations introduced during this period was the idea of integrating traditional rule-based components such as Hidden 

Markov Models (HMMs) into a single, end-to-end trainable deep network. In this context, Shi et al. proposed the 

Convolutional-Recurrent Neural Network (CRNN) architecture, which enabled the direct conversion of word images into 

corresponding character sequences in an end-to-end fashion [28]. CRNN combines a Convolutional Neural Network 

(CNN) for visual feature extraction with a Recurrent Neural Network (RNN) for sequential processing, allowing it to 

learn variable-length character sequences using the Connectionist Temporal Classification (CTC) loss function. This 

innovation made it possible to recognize text directly from input images without requiring explicit character 

segmentation, a step that had been essential in earlier approaches. The success of deep learning–based OCR systems 

depend not only on model architecture but also critically on the quality and diversity of the training data. In recent years, 

synthetic datasets capable of generating unlimited labeled samples have become widely adopted. Jaderberg et al. 

introduced the Synth90k dataset, containing over nine million synthetically generated word images, demonstrating that 

high recognition accuracy could be achieved without relying on real-world data [29]. Similarly, Gupta et al. developed the 

SynthText in the Wild dataset, which superimposes automatically generated text on realistic scene images, proving 

effective for both text detection and recognition tasks [30]. Long and Yao further extended this concept by creating the 

UnrealText dataset using the Unreal Engine, enabling training on highly realistic synthetic imagery [31]. Moreover, Baek 

et al. conducted a systematic comparative analysis of various scene text recognition architectures using SynthText datasets, 

examining in depth the impact of synthetic data on model performance [32]. Such synthetic datasets have since become 

a standard tool for improving model generalization, particularly in situations where annotated real-world data are scarce. 

 

With the advancements in deep learning, more sophisticated architectures have emerged in the field of scene text 

recognition. Sequence-to-sequence (seq2seq) models based on attention mechanisms have marked a significant turning 

point in this domain. The Recursive Recurrent Neural Network (R2AM) model proposed by Lee and Osindero produced 

more coherent output sequences compared to CTC-based approaches by jointly considering both the spatial positioning 

of characters and their linguistic context [33]. This approach overcame the conditional independence assumption 

inherent in CTC, yielding more natural recognition results for irregular scene texts [23,34]. In addition, to address 

common issues in scene text such as perspective distortion and curved text, Shi et al. introduced a spatial transformer 

layer that rectifies the input image before recognition [35]. Cheng and colleagues, on the other hand, proposed the 

Arbitrarily-Oriented Network (AON) architecture, which processes text from multiple orientations to handle directional 

variability effectively [36]. Collectively, these studies initiated a new era in OCR research, where the integration of 

attention mechanisms, spatial transformation modules, and linguistic modeling led to substantial improvements in scene 

text recognition performance. 

 

In STR systems, traditional evaluation metrics typically focus on overall accuracy rates but often fail to capture character-

level errors. To address this limitation, advanced metrics such as Character-Level Evaluation (CLEval) [37] and End-to-

End Evaluation Metric (EEM) [37] have been introduced. CLEval measures accuracy and deficiencies at the character 

level, while EEM jointly evaluates both detection and recognition components. Nevertheless, many studies continue to 

emphasize aggregate accuracy scores. However, character-level error analysis is crucial for identifying model weaknesses 

and ensuring a fairer and more comprehensive comparison between different STR systems. 

 

Another important branch of OCR research focuses on handwriting recognition, which, similar to scene text recognition, 

addresses the problem of visual text interpretation; however, in this case, the input images consist of handwritten rather 

than printed text. This task presents additional challenges such as inter-writer variability in letter shapes, cursive writing 

(connected handwriting), and ambiguous character boundaries [38]. In the historical development of OCR, handwriting 

recognition emerged as a distinct research area, achieving significant progress through methods based on HMMs and 

structural feature representations [39-43]. In recent years, advances in handwriting recognition have shown a clear 

paradigm shift from traditional approaches toward deep learning–based architectures. This transformation is observed 

not only in widely used languages such as English but also in morphologically rich languages such as French. In a 

comprehensive review by AlKendi et al. [44], approaches for recognizing both historical and modern French handwritten 
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texts were analyzed in detail. The study evaluated contemporary architectures such as Convolutional Neural Networks 

(CNNs), Recurrent Neural Networks (RNNs), Convolutional Recurrent Neural Networks (CRNNs), and Transformer-

based models, alongside updated variants of traditional HMM-based systems. The authors also performed comparative 

evaluations on benchmark datasets such as RIMES and discussed publicly available handwriting datasets and 

commercially used recognition systems for the French language. Barrere et al. proposed a lightweight Transformer-based 

architecture specifically designed for handwriting recognition, achieving performance competitive with standard LSTM-

based models [45]. Likewise, attention mechanisms and encoder–decoder architectures have been increasingly employed 

to better model long character sequences in handwritten text recognition [44]. Recent surveys indicate that a wide range 

of deep learning models have been developed for handwriting recognition across different languages and scripts (e.g., 

Latin, Arabic, Chinese), most of which adopt CNN/LSTM or Transformer-based encoder–decoder frameworks [44,46-

49]. However, several challenges remain unresolved: recognition of faded or damaged historical documents, as well as 

multilingual or mixed handwritten manuscripts, continues to be difficult [44]. Furthermore, the inherent variability 

between writers limits model generalization. Consequently, research efforts increasingly focus on data augmentation, 

language model integration, and writer-adaptive learning techniques, which are now regarded as critical components for 

advancing handwriting recognition systems [50,51]. 

 

In recent years, the field of OCR has achieved remarkable progress through deep learning and Transformer-based 

approaches. The transition from traditional rule-based methods to modern networks containing millions of parameters 

has produced groundbreaking results, particularly in addressing the challenge of reading text from natural scenes. 

Contemporary scene text recognition models can accurately interpret text under complex backgrounds and distortions, 

while handwriting recognition systems have reached near-human performance levels. Nevertheless, several open issues 

and research gaps persist in the literature. The lack of standardized evaluation protocols for directly comparing results 

across studies, the limited number of in-depth analyses on model error behavior, and the scarcity of datasets and 

methodologies for many languages remain as ongoing challenges. Therefore, future research should focus on character-

level error analyses, fairer benchmarking practices, and the development of specialized OCR solutions tailored for low-

resource languages, which will continue to be key areas of exploration for researchers. 

 

3. Material and Methods 
 

This section systematically presents the methodological components that constitute the experimental framework of the 

study. First, six different OCR algorithms evaluated in a comparative manner are introduced, and the architectural 

characteristics and roles of each model in scene text recognition are explained. Next, the benchmark datasets on which 

these algorithms were tested are described in detail, along with the preprocessing steps applied to these datasets. The 

subsequent subsection defines the quantitative metrics used to evaluate model performance, and finally, the details of the 

experimental setup are presented. The overall experimental design is summarized in Figure 1, which illustrates the 

datasets used, the preprocessing workflow, the evaluated OCR models, and the performance metrics applied at both the 

character and word levels. 

 

 
Figure 1. Graphical abstract illustrating the overall experimental workflow 
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3.1. OCR algorithms used 

 

This section introduces six OCR algorithms that are widely used in scene text recognition tasks and represent distinct 

architectural paradigms. First, EasyOCR, which employs a two-stage CRNN-based structure, is discussed. Next, MGP-

STR, a Vision Transformer–based model distinguished by its multi-granularity output strategy, is presented. The classical 

rule-based approach Tesseract OCR is then examined, followed by TrOCR, which provides a Transformer-based end-to-

end architecture. Keras OCR, offering an easily deployable implementation of the CRNN framework, and DoCTR, 

designed specifically for document-oriented scene text recognition, are also evaluated. Each model is analyzed in terms of 

its core architectural design, its role within the OCR landscape, and its position in the related literature. 

 

3.1.1. EasyOCR 

 

EasyOCR is an open-source, deep learning–based framework for optical character recognition that employs a multi-stage 

pipeline consisting of preprocessing, text detection, recognition, and output generation [52]. In the text detection stage, 

it applies the CRAFT (Character Region Awareness for Text Detection) algorithm, which generates character-region and 

affinity maps to identify individual character areas and group them into complete text instances [53]. During the 

recognition stage, the detected text regions are processed using a Convolutional Recurrent Neural Network (CRNN) 

architecture that integrates ResNet-based convolutional feature extraction, a bidirectional Long Short-Term Memory 

(BiLSTM) layer for sequential dependency modeling, and Connectionist Temporal Classification (CTC) for decoding 

[54]. The network outputs a sequence of character probabilities, which are converted into the final text output using a 

“greedy” decoding strategy that selects the most probable characters in order. The recognition results can be further 

refined using post-processing techniques such as language models or spell correction. EasyOCR demonstrates strong 

performance in scene text recognition, effectively reading text under diverse fonts, orientations, and complex background 

conditions [44]. Moreover, its modular architecture allows easy integration of alternative text detectors and recognizers, 

enabling rapid adaptation to new or more advanced methods [54]. 

 

3.1.2. MGP-STR 

 

MGP-STR (Multi-Granularity Prediction for Scene Text Recognition) is an advanced scene text recognition model that 

combines a Vision Transformer (ViT)–based encoder with specially designed Adaptive Addressing and Aggregation (A3) 

modules [55]. In this architecture, the powerful ViT backbone is complemented by three A3 modules, each designed for 

a different output granularity character, Byte Pair Encoding (BPE), and WordPiece allowing the model to generate text 

predictions simultaneously at multiple linguistic levels. For a given input image, the model produces parallel output 

sequences at the character, BPE, and WordPiece levels. These multi-scale outputs are then fused using a simple yet 

effective decision-level aggregation strategy to obtain the final recognition result. The core objective of MGP-STR is to 

incorporate linguistic knowledge into scene text recognition without relying on an explicit language model. To this end, 

the output space of the model is expanded beyond individual characters to include subword units BPE and WordPiece 

that are widely adopted in natural language processing, thereby enhancing the model’s ability to implicitly learn language-

aware representations. 

 

3.1.3. Tesseract OCR 

 

Tesseract is an OCR engine originally developed by Hewlett-Packard and later released as open-source software by Google 

[46]. The classical Tesseract architecture detects character contours through connected-component analysis, segmenting 

them into components referred to as “blobs.” These blobs are then grouped at the line and word levels and partitioned 

according to whether the text follows fixed-width or proportional spacing [56]. The recognition process operates in two 

passes. In the first pass, a static classifier attempts to recognize each word, and the reliable outcomes from this stage are 

used to train an adaptive classifier. During the second pass, words that were not confidently recognized in the first stage 

are reprocessed using this newly trained adaptive classifier, leading to improved overall accuracy. Among Tesseract’s 

distinctive innovations are its ability to recognize inverted text (white text on a black background) through nested contour 

analysis, a line-finding algorithm capable of correctly identifying text lines without deskewing the page, and a quadratic 
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spline–based baseline alignment method that compensates for curved text lines. Remarkably, it can train a highly accurate 

classifier with as few as ~60,000-character samples. In modern versions (Tesseract 4 and later), the classical engine has 

been enhanced with a Long Short-Term Memory (LSTM)–based deep learning model, significantly improving character 

recognition performance [57]. 

 

3.1.4. TrOCR 
 

The TrOCR model (Transformer-based Optical Character Recognition) is an end-to-end OCR framework that employs 

a Vision Transformer (ViT)–based encoder and a Transformer-based decoder architecture [5]. Unlike previous OCR 

approaches, TrOCR does not rely on a CNN backbone or an RNN-based language model. Instead, it operates entirely 

within the Transformer paradigm, generating text outputs at the wordpiece level rather than at the individual character 

level. The encoder component of TrOCR can be initialized with pre-trained ViT-based visual models such as DeiT or 

BEiT, while the decoder can be initialized with pre-trained Transformer-based language models such as RoBERTa or 

MiniLM [5]. Notably, TrOCR represents the first OCR framework in the literature that jointly integrates pre-trained 

vision and language Transformer models within a unified architecture. Through this design, the model effectively 

combines visual and linguistic representations learned from large-scale unlabeled data during pre-training, thereby 

eliminating the need for an additional external language model. 

 

3.1.5. Keras OCR 
 

Keras OCR is an open-source library that provides a ready-to-use, end-to-end OCR pipeline built on Keras/TensorFlow 

[58]. The framework integrates modern deep learning techniques for both text detection and recognition. For locating 

text regions, it employs a convolutional network–based detector such as CRAFT (Character Region Awareness for Text 

Detection) [53]. During the recognition stage, Keras OCR utilizes a Convolutional Recurrent Neural Network (CRNN)–

based model to extract text sequences directly from images [28]. This structure enables highly accurate text extraction 

from both scene and document images, and the model can be fine-tuned with custom datasets for task-specific adaptation. 

Owing to its ease of use and flexibility, Keras OCR is widely preferred for prototyping, benchmarking, and comparative 

evaluation in OCR research. 

 

3.1.6. DocTR 
 

DoCTR (Document Text Recognition) is a document-oriented, deep learning–based OCR library that employs a two-

stage end-to-end architecture [58]. In the first stage, it detects text regions across the entire page; in the second, it 

recognizes the textual content within each detected region. The text detection process adopts a segmentation-based 

approach, utilizing a Convolutional Neural Network (CNN)–based text detector with the Differentiable Binarization (DB) 

technique to capture text of arbitrary orientations [59]. During the recognition stage, the cropped text regions are 

sequentially processed and converted into character sequences using a CRNN or a similar attention-based network. 

DoCTR focuses particularly on achieving high-accuracy text reading in scanned documents while preserving page layout 

integrity. By integrating multiple advanced OCR models under a unified framework, DoCTR provides a versatile and 

efficient foundation for comprehensive document analysis research. 

 

3.2. Dataset 

 

The primary benchmark datasets commonly used in scene text recognition research are summarized below. In this study, 

eight major scene text datasets were utilized: ICDAR 2003 [60, 61], ICDAR 2013 [62, x”63], ICDAR 2015 [64], IIIT5K 

[64], Street View Text (SVT) [64], Street View Text Perspective (SVTP) [64], TotalText [65], and CUTE80 [66]. These 

datasets are widely regarded as standard benchmarks for evaluating Scene Text Recognition (STR) systems under varying 

difficulty conditions. Table 1 presents a comparative overview of these eight benchmark datasets. It outlines the key 

characteristics of each dataset, including the total number of images, predominant text orientation, intended task 

(detection, recognition, or end-to-end OCR), language of the text, and the major recognition challenges associated with 

each. 
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Table 1. A comparative summary of widely used datasets in OCR research 

Dataset 
Name 

Total 
Images 

Text Type Intended Task Language Challenges 

ICDAR 2003 507 Horizontal Detection, Recognition English Background clutter, lighting variations, 

diverse fonts 

ICDAR 2013 462 Horizontal Detection, Recognition, 

End-to-End 

English Complex backgrounds, varied fonts and 

sizes 

ICDAR 2015 1500 Multi-oriented 

(perspective) 

Detection, Recognition, 

End-to-End 

English Perspective distortion, blur, low resolution 

IIIT5K 5000 Horizontal Recognition English Diverse fonts and styles, some low-res 

samples 

SVT 904 Horizontal Detection, Recognition, 

End-to-End 

English Blur, noise, low resolution 

SVTP 645 Perspective (angled) Recognition English Perspective distortion, slanted text 

TotalText 1555 Curved & multi-

oriented 

Detection, Recognition, 

End-to-End 

English Curved text, multi-directional layout, 

background clutter 

CUTE80 288 Curved Recognition English Curved text (character deformation), 

background clutter 

 

3.3. Preprocessing 

 

The test data from the eight scene text datasets used in this study (CUTE80, ICDAR2003, ICDAR2013, ICDAR2015, 

IIIT5K, SVT, SVTP, and TotalText) were subjected to a standardized preprocessing procedure. Since no training was 

performed, only the test images were processed. Using the coordinates provided in the annotation files, text regions were 

cropped, and invalid or unreadable labels were removed. The cleaned text samples were then matched with their 

corresponding cropped sub-images and saved in CSV format. These operations were applied consistently across all 

datasets, thereby establishing a unified testing framework for evaluating the OCR models. 

 

3.4. Evaluation metrics 

 

The models used in this study were evaluated using standard performance metrics. The following equations define these 

metrics used to assess model effectiveness [67]. 

 

Accuracy =
୘୔ା୘୒

୘୔ା୘୒ା୊୔ା୊
          (1) 

 

Precision =
୘୔

୘୔ା୊୔
           (2) 

 

Recall =
୘୔

୘୔ା୊୒
            (3) 

 

F1 Score =
ଶ୔୰ୣୡ୧ୱ୧୭୬ୖୣୡୟ୪୪

୔୰ୣୡ୧ୱ୧୭୬ାୖୣୡୟ୪୪
          (4) 

 

In the context of performance evaluation, True Positive (TP) refers to cases where the model correctly predicts a positive 

instance, while True Negative (TN) denotes correctly identified negative cases. False Positive (FP) describes instances that 

are incorrectly classified as positive despite being negative, and False Negative (FN) corresponds to cases where positive 

instances are wrongly predicted as negative. 

 

In addition to conventional evaluation metrics, several advanced error metrics were employed to enable a more detailed 

analysis of the error types produced by the OCR systems. 

 

Levenshtein Distance 

 

The Levenshtein distance represents the minimum number of edit operations insertions, deletions, or substitutions 

required to transform one character sequence into another. In this study, it directly reflects the total number of character-
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level errors between the model outputs and the corresponding ground-truth labels. 

 

𝐷௜,௝ = 𝑚𝑖𝑛{

𝐷௜ିଵ,௝ + 1 (deletion)

𝐷௜,௝ିଵ + 1 (insertion)

𝐷௜ିଵ,௝ିଵ + cost (substitution)

}        (5) 

 

Here, 𝐷௜,௝ denotes the distance between the i-th character of the first sequence and the j-th character of the second 

sequence. If the compared characters are identical, the cost is set to 0; otherwise, the cost is set to 1. 

 

Special Character Error Rate 

 

SCER =
ୗ୮ୣୡ୧ୟ୪େ୦ୟ୰ୟୡ୲ୣ୰୉୰୰୭୰ୱ

୘୭୲ୟ୪ୗ୮ୣୡ୧ୟ୪େ୦ୟ୰ୟୡ୲ୣ୰ୱ
          (6) 

 

Common Substitution Errors 

 

This qualitative metric identifies the character-level misclassifications frequently made by the OCR system. Common 

substitution patterns such as confusing the letter “O” with the digit “0” or the character “l” with “1” were analyzed to 

reveal typical recognition errors. 

 

4. Results 
 

This section presents the performance results of the six evaluated OCR algorithms across eight scene text datasets. The 

analyses were conducted along two main dimensions character-level and word-level with each metric designed to provide 

insights not only into overall system accuracy but also into specific error patterns. First, general model performances were 

compared using character-based metrics such as accuracy, F1-score, and Levenshtein distance. Subsequently, word-level 

evaluations were performed using comparable measures. Finally, systematic error types including special character errors 

and common character substitutions were analyzed in detail to reveal the strengths and weaknesses of each model. The 

findings enable a quantitative assessment of how robust each system is when confronted with diverse text structures and 

visual conditions. 

 

All experiments were conducted on a system equipped with an Apple M2 Pro processor and 16 GB unified memory. The 

evaluation workflow was implemented using Python 3.10, and all OCR models were executed with their official open-

source implementations. Preprocessing, model inference, and metric calculations were performed using standard Python 

toolkits. 

 

4.1. Character-level results 

 

The performance of optical character recognition systems can be more accurately assessed not only through word-level 

evaluations but also through detailed character-level analyses. In this section, each model’s character recognition 

performance is examined using fundamental metrics such as Accuracy, Precision, Recall, and F1-Score, as well as the 

Levenshtein Distance, which measures discrepancies between predicted and ground-truth character sequences. 

Additionally, each model’s overall recognition capability is supported by Total and Correct character counts, while 

numerical differences are visually compared using graphical representations. The character-level performance results for 

the ICDAR 2003 dataset are presented in Table 2. 

 

The MGP-STR model achieved the highest performance across all metrics in the character-level evaluations conducted 

on the ICDAR 2003 dataset. With an accuracy of 97.06% and an F1-score of 95.62%, the model outperformed all others 

by a significant margin. In addition to its superior accuracy, it also produced the lowest Levenshtein distance (165), 

indicating minimal character-sequence errors. Keras OCR ranked second with an accuracy of 88.11%, while EasyOCR 

demonstrated moderate performance with 79.63% accuracy. In contrast, Tesseract OCR yielded the lowest scores across 

all metrics, proving inadequate for reliable character recognition tasks. These findings suggest that MGP-STR possesses a 
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robust and consistent prediction capability, particularly on datasets containing scene texts with low variance.  

 
Table 2. Character-level OCR model performance – ICDAR 2003  

Metric EasyOCR MGP-STR Tesseract OCR TrOCR Keras OCR DoCTR 
Accuracy (%) 0.7963 0.9706 0.3283 0.6412 0.8811 0.7686 

F1 Score (%) 0.7435 0.9562 0.2765 0.5832 0.8457 0.6735 

Recall (%) 0.7400 0.9523 0.2751 0.5909 0.8386 0.6668 

Precision (%) 0.7471 0.9602 0.2779 0.5757 0.8529 0.6803 

Levenshtein Distance 1120 165 3656 2542 679 1286 

Total / Correct 5415/4312 5415/5256 5415/1778 5415/3472 5415/4771 5415/4162 

 

The character-level performance results for the ICDAR 2013 dataset are presented in Table 3. 

 
Table 3. Character-level OCR model performance – ICDAR 2013 

Metric EasyOCR MGP-STR Tesseract OCR TrOCR Keras OCR DoCTR 
Accuracy (%) 0.7899 0.9692 0.2288 0.6885 0.8748 0.7634 

F1 Score (%) 0.7777 0.9782 0.1951 0.6569 0.8754 0.7299 

Recall (%) 0.7703 0.9669 0.1926 0.6638 0.8624 0.7162 

Precision (%) 0.7853 0.9898 0.1976 0.6502 0.8888 0.7441 

Levenshtein Distance 981 143 3563 2091 598 1108 

Total / Correct 4616/3646 4616/4474 4616/1056 4616/3178 4616/4038 4616/3524 

 

The MGP-STR model achieved the highest performance across all metrics in the character-level evaluations conducted 

on the ICDAR 2013 dataset. With an accuracy of 96.92% and an F1-score of 97.82%, it delivered the best results among 

all evaluated models, while also yielding the lowest Levenshtein distance (143), indicating minimal sequence-editing 

errors. Keras OCR ranked second with 87.48% accuracy, and EasyOCR showed moderate performance with 78.99% 

accuracy. In contrast, Tesseract OCR demonstrated the weakest results, with only 22.88% accuracy and an F1-score of 

19.51%, highlighting its limitations in character recognition tasks. These findings reaffirm that MGP-STR possesses a 

strong generalization capability across diverse scene types.  

 

The character-level performance results for the ICDAR 2015 dataset are presented in Table 4. 

 
Table 4. Character-level OCR model performance – ICDAR 2015 

Metric EasyOCR MGP-STR Tesseract OCR TrOCR Keras OCR DoCTR 
Accuracy (%) 0.4178 0.8991 0.2609 0.3408 0.6623 0.6544 

F1 Score (%) 0.4198 0.9098 0.2449 0.3207 0.6793 0.6555 

Recall (%) 0.4144 0.8965 0.2405 0.3269 0.6567 0.6413 

Precision (%) 0.4254 0.9235 0.2495 0.3146 0.7036 0.6704 

Levenshtein Distance 6476 1140 8287 9432 3816 3905 

Total / Correct 11109/4641 11109/9988 11109/2898 11109/3786 11109/7357 11109/7270 

 

As shown in Table 4, the MGP-STR model demonstrated clear superiority across all metrics in the character-level 

evaluations on the ICDAR 2015 dataset. With an accuracy of 89.91% and an F1-score of 90.98%, the model achieved both 

high accuracy and consistency by maintaining the lowest Levenshtein distance (1140) among all evaluated methods. Keras 

OCR ranked second with 66.23% accuracy and an F1-score of 67.93%, while EasyOCR and TrOCR showed comparatively 

lower performance on this dataset. In particular, Tesseract OCR produced weak results, achieving only 26.09% accuracy 

with a high Levenshtein distance (8287). These results indicate that MGP-STR is capable of maintaining robust 

performance even on degraded and challenging scene text datasets.  

 

The character-level performance results for the IIIT5K dataset are presented in Table 5. 
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Table 5. Character-level OCR model performance – IIIT5K 

Metric EasyOCR MGP-STR Tesseract OCR TrOCR Keras OCR DoCTR 
Accuracy (%) 0.7956 0.9800 0.4708 0.6286 0.8955 0.8317 

F1 Score (%) 0.7717 0.9858 0.4116 0.5863 0.8895 0.7893 

Recall (%) 0.7738 0.9842 0.4149 0.6020 0.8877 0.7888 

Precision (%) 0.7697 0.9874 0.4083 0.5714 0.8914 0.7899 

Levenshtein Distance 3233 303 8246 6995 1790 2820 

Total / Correct 15253/12135 15253/14696 15253/7181 15253/9426 15253/13657 15253/12686 

 

As shown in Table 5, the MGP-STR model achieved by far the highest character-level performance on the IIIT5K dataset. 

With an accuracy of 98.00% and an F1-score of 98.58%, the model delivered nearly error-free recognition, while also 

recording the lowest Levenshtein distance (303), corresponding to only a minimal number of edit operations. These 

results demonstrate the model’s exceptional effectiveness in character-level recognition, even under complex and variable 

scene conditions. Keras OCR achieved consistent results with 89.55% accuracy, whereas EasyOCR and TrOCR performed 

at relatively lower levels. Tesseract OCR, similar to its performance on other datasets, again showed weak results with 

high error rates. The character-level performance results for the Street View Text (SVT) dataset are presented in Table 6. 

 
Table 6. Character-level OCR model performance – SVT 

Metric EasyOCR MGP-STR Tesseract OCR TrOCR Keras OCR DoCTR 
Accuracy (%) 0.6499 0.9795 0.3930 0.4642 0.8625 0.7742 

F1 Score (%) 0.6477 0.9814 0.3686 0.4353 0.8615 0.7689 

Recall (%) 0.6423 0.9779 0.3673 0.4476 0.8543 0.7559 

Precision (%) 0.6532 0.9850 0.3700 0.4236 0.8689 0.7823 

Levenshtein Distance 1329 78 2354 3154 523 860 

Total / Correct 3796/2467 3796/3718 3796/1492 3796/1762 3796/3274 3796/2939 

 

In the character-level analyses conducted on the Street View Text (SVT) dataset, the MGP-STR model once again 

demonstrated outstanding performance, surpassing all other models across every metric. With an accuracy of 97.95% and 

an F1-score of 98.14%, the model exhibited high consistency in scene text recognition, while achieving the lowest 

Levenshtein distance (78), indicating minimal correction requirements. Keras OCR ranked second with 86.25% accuracy 

and an F1-score of 86.15%, whereas EasyOCR delivered moderate performance. TrOCR and Tesseract OCR, on the other 

hand, showed weaker results, characterized by low accuracy and high error rates. These findings highlight the strong 

generalization capability of MGP-STR, even in natural scene environments such as street signs.  

 

The character-level performance results for the Street View Text Perspective (SVTP) dataset are presented in Table 7. 

 
Table 7. Character-level OCR model performance – SVTP 

Metric EasyOCR MGP-STR Tesseract OCR TrOCR Keras OCR DoCTR 
Accuracy (%) 0.4515 0.9283 0.1979 0.3260 0.6965 0.6440 

F1 Score (%) 0.4615 0.9508 0.1886 0.3210 0.7226 0.6684 

Recall (%) 0.4486 0.9395 0.1844 0.3254 0.6995 0.6496 

Precision (%) 0.4752 0.9623 0.1931 0.3166 0.7472 0.6884 

Levenshtein Distance 2120 277 3107 3411 1184 1387 

Total / Correct 3865/1745 3865/3588 3865/765 3865/1260 3865/2692 3865/2489 

 

In the SVTP (Street View Text Perspective) dataset characterized by challenging perspective distortions and orientation 

variations the MGP-STR model once again exhibited outstanding character recognition performance, outperforming all 

other models by a wide margin. With an accuracy of 92.83% and an F1-score of 95.08%, MGP-STR achieved the most 

precise results, accompanied by the lowest Levenshtein distance (277), indicating near error-free character alignment. 

Keras OCR also demonstrated consistent performance on this dataset, achieving 69.65% accuracy and an F1-score of 

72.26%. In contrast, EasyOCR and TrOCR achieved only moderate results, while Tesseract OCR performed poorly due 

to its inability to effectively handle the skewed and distorted text samples characteristic of SVTP. These findings confirm 

that MGP-STR not only excels in regular scene text recognition but also maintains strong generalization capability under 

severe geometric variations.  
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The character-level performance results for the TotalText dataset are presented in Table 8. 

 
Table 8. Character-level OCR model performance – TotalText 

Metric EasyOCR MGP-STR Tesseract OCR TrOCR Keras OCR DoCTR 
Accuracy (%) 0.5088 0.8601 0.2313 0.3953 0.6882 0.5427 

F1 Score (%) 0.5061 0.8847 0.2104 0.3766 0.6998 0.5352 

Recall (%) 0.5016 0.8698 0.2070 0.3794 0.6888 0.5189 

Precision (%) 0.5107 0.9000 0.2139 0.3738 0.7113 0.5526 

Levenshtein Distance 6049 1730 9416 8700 4027 5769 

Total / Correct 12108/6161 12108/10414 12108/2800 12108/4786 12107/8332 12108/6571 

 

The TotalText dataset poses unique challenges for scene text recognition due to its inclusion of inclined and curved text 

structures. Despite this complexity, the MGP-STR model achieved the highest character recognition performance, with 

an accuracy of 86.01% and an F1-score of 88.47%. Moreover, it attained the lowest Levenshtein distance (1730), indicating 

minimal edit errors even under complex text configurations. Keras OCR achieved a reasonable performance with 68.82% 

accuracy, though its character-level error rate remained significantly higher compared to MGP-STR. EasyOCR and 

DoCTR delivered moderate performance results, while Tesseract OCR and TrOCR showed weak recognition capabilities 

with low accuracy and high error rates, struggling to decode the multi-oriented text structures present in TotalText. These 

findings demonstrate that MGP-STR exhibits strong generalization capacity at the character level, even when dealing with 

highly variable and complex scene texts.  

 

The character-level performance results for the CUTE80 dataset are presented in Table 9. 

 
Table 9. Character-level OCR model performance – CUTE80 

Metric EasyOCR MGP-STR Tesseract OCR TrOCR Keras OCR DoCTR 
Accuracy (%) 0.5883 0.8671 0.2445 0.4076 0.7750 0.5351 

F1 Score (%) 0.6359 0.9327 0.2419 0.4263 0.7796 0.5295 

Recall (%) 0.6250 0.9104 0.2366 0.4250 0.7642 0.5091 

Precision (%) 0.6471 0.9561 0.2474 0.4276 0.7956 0.5515 

Levenshtein Distance 709 225 1305 1092 418 829 

Total / Correct 1693/996 1693/1468 1693/414 1693/690 1693/1312 1693/906 

 

The CUTE80 dataset, known for its curved text samples, provides a challenging test environment for scene text 

recognition tasks. Under these conditions, the MGP-STR model achieved the highest performance across all metrics, with 

an accuracy of 86.71% and an F1-score of 93.27%. It also achieved the lowest Levenshtein distance (225), marking it as 

the most accurate model in terms of minimal edit errors. Keras OCR demonstrated consistent second-place performance 

with 77.50% accuracy and an F1-score of 77.96%, while EasyOCR and DoCTR produced comparatively lower results. 

TrOCR, and especially Tesseract OCR, performed the weakest, yielding low accuracy and high error rates when 

confronted with the curved and complex text structures characteristic of this dataset. 

These findings confirm that MGP-STR possesses a strong generalization capability not only for traditional and modern 

scene texts but also for curved and irregular text patterns.  

 

The comparative character-level accuracy performance of all OCR models across different datasets is illustrated using 

radar charts (Figure 2). 

 

In the comparative analysis presented in Figure 2, the MGP-STR model achieved the highest accuracy rates across all 

datasets, while Keras OCR consistently ranked second overall. EasyOCR and DoCTR demonstrated moderate 

performance levels, whereas Tesseract OCR exhibited notably low accuracy across all datasets. In relatively more legible 

datasets such as IIIT5K and SVT, all models attained higher accuracy values; however, in more challenging datasets like 

SVTP and TotalText, a significant decline in overall accuracy rates was observed. 
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Figure 2. Radar chart comparison of character-level accuracy performance of OCR models across eight different scene text datasets 

 

4.2. Word-Level Results 

 

The practical effectiveness of OCR systems is most evaluated in terms of word-level accuracy, which directly reflects end-

user performance. Therefore, in this section, word-level accuracy analyses were conducted for each of the evaluated 

models. The ratios were computed based on the number of correctly recognized words relative to the total number of 

words processed. These analyses are crucial for understanding how well character-level performance translates into word-

level recognition accuracy. 

 

The word-level error metrics and performance results for the ICDAR 2003 dataset are presented in Table 10. 

 
Table 10. Word-level OCR model performance – ICDAR 2003 

Metric EasyOCR MGP-STR Tesseract OCR TrOCR Keras OCR DoCTR 
Accuracy (%) 0.6477 0.9088 0.2421 0.4408 0.7218 0.5682 

F1 Score (%) 0.6477 0.9088 0.2421 0.4408 0.7218 0.5682 

Recall (%) 0.6477 0.9088 0.2421 0.4408 0.7218 0.5682 

Precision (%) 0.6477 0.9088 0.2421 0.4408 0.7218 0.5682 

Total / Correct 1107/717 1107/1006 1107/268 1107/488 1107/799 1107/629 

 

In the ICDAR 2003 dataset, the MGP-STR model achieved the best performance by correctly recognizing 1006 out of 

1107 words, corresponding to a word-level accuracy of 90.88%. This high success rate aligns with the character-level 

results, demonstrating the model’s strong overall recognition capability. Keras OCR ranked second with an accuracy of 

72.18%, while Tesseract OCR achieved only 268 correct recognitions, resulting in a notably low accuracy of 24.21%. 

 

The word-level error metrics and performance results for the ICDAR 2013 dataset are presented in Table 11. 

 
Table 11. Word-level OCR model performance – ICDAR 2013 

Metric EasyOCR MGP-STR Tesseract OCR TrOCR Keras OCR DoCTR 
Accuracy (%) 0.6380 0.8785 0.1427 0.4941 0.6711 0.5390 

F1 Score (%) 0.6380 0.8785 0.1427 0.4941 0.6711 0.5390 

Recall (%) 0.6380 0.8785 0.1427 0.4941 0.6711 0.5390 

Precision (%) 0.6380 0.8785 0.1427 0.4941 0.6711 0.5390 

Total / Correct 757/483 757/665 757/108 757/374 757/508 757/408 

 

In the ICDAR 2013 dataset, word-level analyses revealed that the MGP-STR model achieved the highest performance, 

with a word accuracy of 87.85%. Out of 757 test words, the model correctly predicted 665, maintaining its superiority 
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from character-level recognition at the word level as well. Keras OCR ranked second with 67.11% accuracy, while 

EasyOCR demonstrated reasonable performance with 63.80% accuracy. In contrast, Tesseract OCR produced the weakest 

results, correctly recognizing only 108 words with an overall accuracy of 14.27%. Examination of total and correctly 

predicted word counts clearly highlights the consistency and robustness of the MGP-STR model. 

 

The word-level error metrics and performance results for the ICDAR 2015 dataset are presented in Table 12. 

 
Table 12. Word-level OCR model performance – ICDAR 2015 

Metric EasyOCR MGP-STR Tesseract OCR TrOCR Keras OCR DoCTR 
Accuracy (%) 0.2700 0.7786 0.1574 0.1479 0.4127 0.4642 

F1 Score (%) 0.2724 0.7856 0.1589 0.1493 0.4165 0.4683 

Recall (%) 0.2723 0.7855 0.1589 0.1493 0.4165 0.4682 

Precision (%) 0.2725 0.7857 0.1589 0.1493 0.4165 0.4685 

Total / Correct 2096/566 2096/1632 2096/330 2096/310 2096/865 2096/973 

 

In the ICDAR 2015 dataset, the MGP-STR model achieved by far the highest word recognition performance, with an 

accuracy of 77.86% and 1632 correctly recognized words. This outcome demonstrates that the model’s strong character-

level performance is consistently reflected at the word level. Keras OCR and DoCTR achieved moderate results, with 

41.27% and 46.42% accuracy, respectively, while EasyOCR performed lower with 27.00% accuracy. Tesseract OCR and 

TrOCR were the weakest models in this dataset, correctly recognizing only 330 and 310 words, respectively. These findings 

once again confirm the robust generalization capability of MGP-STR, particularly in datasets containing complex and 

distorted scene text. The word-level error metrics and performance results for the IIIT5K dataset are presented in Table 

13. 

 
Table 13. Word-level OCR model performance – IIIT5K 

Metric EasyOCR MGP-STR Tesseract OCR TrOCR Keras OCR DoCTR 
Accuracy (%) 0.6313 0.9577 0.3143 0.3659 0.7488 0.6333 

F1 Score (%) 0.6313 0.9577 0.3143 0.3659 0.7488 0.6333 

Recall (%) 0.6313 0.9577 0.3143 0.3659 0.7488 0.6333 

Precision (%) 0.6313 0.9577 0.3143 0.3659 0.7488 0.6333 

Total / Correct 3000/1894 2952/2827 3000/943 2952/1080 2998/2245 3000/1900 

 

In the IIIT5K dataset, word-level analyses revealed that the MGP-STR model achieved the highest performance, with an 

accuracy of 95.77% and 2827 correctly recognized words. This result demonstrates that the model produces highly reliable 

outputs not only at the character level but also at the word level. Keras OCR ranked second with 74.88% accuracy, while 

EasyOCR and DoCTR exhibited comparable performance, achieving 63.13% and 63.33% accuracy, respectively. Tesseract 

OCR and TrOCR yielded relatively lower success rates, correctly recognizing 943 and 1080 words, respectively. These 

findings further confirm the superiority of MGP-STR in terms of both accuracy and consistency when recognizing scene 

text.  

 

The word-level error metrics and performance results for the SVT dataset are presented in Table 14. 

 
Table 14. Word-level OCR model performance – SVT 

Metric EasyOCR MGP-STR Tesseract OCR TrOCR Keras OCR DoCTR 
Accuracy (%) 0.5100 0.9474 0.2968 0.2334 0.6862 0.6105 

F1 Score (%) 0.5100 0.9474 0.2968 0.2334 0.6862 0.6105 

Recall (%) 0.5100 0.9474 0.2968 0.2334 0.6862 0.6105 

Precision (%) 0.5100 0.9474 0.2968 0.2334 0.6862 0.6105 

Total / Correct 647/330 647/613 647/192 647/151 647/444 647/395 

 

Word-level analyses conducted on the SVT dataset revealed that the MGP-STR model achieved the highest accuracy, not 

only in character recognition but also in maintaining full word integrity. With an accuracy of 94.74% and 613 correctly 

recognized words, the model demonstrated strong resilience to the natural variations found in scene text. Keras OCR 

followed with a relatively strong performance of 68.62% accuracy, while EasyOCR and DoCTR achieved moderate results 
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with 51.00% and 61.05% accuracy, respectively. Tesseract OCR and TrOCR, however, showed below-expected 

performance, characterized by low accuracy and a limited number of correctly recognized words. This dataset, which 

includes curved, small, and low-contrast text against complex backgrounds, clearly illustrates how well-performing 

models like MGP-STR can adapt to the diverse conditions of real-world scene text.  

 

The word-level error metrics and performance results for the SVTP dataset are presented in Table 15. 

 
Table 15. Word-level OCR model performance – SVTP 

Metric EasyOCR MGP-STR Tesseract OCR TrOCR Keras OCR DoCTR 
Accuracy (%) 0.2910 0.8449 0.1137 0.1625 0.4328 0.4431 

F1 Score (%) 0.3045 0.8842 0.1190 0.1705 0.4543 0.4645 

Recall (%) 0.3036 0.8817 0.1186 0.1705 0.4543 0.4639 

Precision (%) 0.3054 0.8868 0.1194 0.1705 0.4543 0.4651 

Total / Correct 677/197 677/572 677/77 677/110 677/293 677/300 

 

The SVTP dataset, which primarily consists of scene texts exhibiting significant perspective distortions, serves as a crucial 

benchmark for evaluating OCR systems. Under these challenging conditions, the MGP-STR model achieved the highest 

performance by a clear margin, with an accuracy of 84.49% and 572 correctly recognized words. This result demonstrates 

that the model’s consistent character-level accuracy extends effectively to the word level, further confirming its robustness 

against visual variations. Keras OCR and DoCTR achieved moderate performances with 43.28% and 44.31% accuracy, 

respectively. In contrast, more traditional or hybrid models such as EasyOCR, Tesseract OCR, and TrOCR performed 

poorly on this dataset. These findings once again confirm the clear superiority of modern deep learning–based 

architectures in handling highly deformed and angled text scenarios.  

 

The word-level error metrics and performance results for the TotalText dataset are presented in Table 16. 

 
Table 16. Word-level OCR model performance – TotalText 

Metric EasyOCR MGP-STR Tesseract OCR TrOCR Keras OCR DoCTR 
Accuracy (%) 0.3639 0.7785 0.1284 0.2021 0.4921 0.3531 

F1 Score (%) 0.3639 0.7785 0.1284 0.2021 0.4921 0.3531 

Recall (%) 0.3639 0.7785 0.1284 0.2021 0.4921 0.3531 

Precision (%) 0.3639 0.7785 0.1284 0.2021 0.4921 0.3531 

Total / Correct 2212/805 2212/1722 2212/284 2212/447 2211/1088 2212/781 

 

The TotalText dataset presents a highly challenging benchmark for scene text recognition due to its multi-oriented text 

alignments, curved word structures, and complex backgrounds. Despite these difficulties, the MGP-STR model emerged 

as the top-performing system, achieving an accuracy of 77.85% with 1722 correctly recognized words. This outstanding 

result demonstrates the model’s ability to generalize effectively not only on straight text but also on curved and multi-

directional scene layouts. Keras OCR delivered a moderate performance with 49.21% accuracy, while EasyOCR and 

DoCTR achieved more limited success with 36.39% and 35.31% accuracy, respectively. Tesseract OCR and TrOCR 

struggled to adapt to the dataset’s complex spatial configurations, producing notably low accuracy scores. 

 

The word-level error metrics and performance results for the CUTE80 dataset are presented in Table 17. 

 
Table 17. Word-level OCR model performance – CUTE80 

Metric EasyOCR MGP-STR Tesseract OCR TrOCR Keras OCR DoCTR 
Accuracy (%) 0.4548 0.7968 0.1161 0.1935 0.4677 0.2645 

F1 Score (%) 0.4870 0.8495 0.1250 0.2075 0.5026 0.2847 

Recall (%) 0.4844 0.8414 0.1250 0.2066 0.5017 0.2847 

Precision (%) 0.4896 0.8576 0.1250 0.2083 0.5035 0.2847 

Total / Correct 310/141 310/247 310/36 310/60 310/145 310/82 

 

 

The CUTE80 dataset is a specialized benchmark characterized by curved and irregularly shaped scene texts. Despite its 
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structural complexity, the MGP-STR model achieved the highest performance, with an accuracy of 79.68% and 247 

correctly recognized words. The model’s ability to effectively decode such curved text structures highlights the flexibility 

and contextual processing capacity of its Transformer-based architecture. Keras OCR ranked second with 46.77% 

accuracy, while EasyOCR showed comparable performance with 45.48% accuracy. Models such as DoCTR, TrOCR, and 

Tesseract OCR struggled to recognize the slanted and stylized texts in this dataset, yielding relatively low accuracy rates. 

These findings emphasize that a model’s performance is influenced not only by textual content but also by the structural 

form of the text itself.  

 

The word-level accuracy performances of all OCR models across eight scene text datasets are comparatively illustrated 

using radar charts in Figure 3. 

 

 
Figure 3. Radar chart comparison of word-level accuracy performance of OCR models across eight different scene text datasets 

 

As shown in Figure 3, a pattern similar to the character-level results is also observed at the word level. The MGP-STR 

model consistently achieved the highest word accuracy across all datasets, maintaining its leading position. Keras OCR 

and EasyOCR produced competitive results in most datasets, whereas the word-level performance of Tesseract OCR 

remained considerably lower. In challenging scene text datasets such as SVTP, ICDAR 2015, and TotalText a noticeable 

decline in accuracy was observed for all models. However, MGP-STR and Keras OCR demonstrated relatively higher 

resilience under these difficult conditions. These results further reinforce the clear superiority of modern deep learning–

based OCR models over traditional recognition systems. 

 

4.3. Error Type Analysis 

 

While accuracy rates serve as a fundamental metric in the evaluation of optical character recognition systems, analyzing 

the types of errors produced by the models provides a deeper understanding of their overall performance. In particular, 

within Scene Text Recognition (STR) tasks, the systematic confusion of visually similar characters exposes inherent 

architectural limitations of the models. In this context, the present study not only reports general accuracy scores but also 

conducts a detailed examination of the common substitution errors and special character recognition errors produced by 

six different OCR models EasyOCR, Tesseract OCR, Keras OCR, DoCTR, TrOCR, and MGP-STR at the character level. 

These errors were computed based on each model’s outputs across eight benchmark datasets, revealing distinct behavioral 

patterns and tendencies. Such analyses go beyond mere performance measurement, enabling a clearer understanding of 

which character groups each architecture struggles with and providing valuable insights for designing future 

improvement strategies along these dimensions. 

 

Table 18 presents the common character confusions and special character errors identified for the EasyOCR model across 
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eight different datasets. 

 
Table 18. Common substitution errors and special character recognition errors observed for the EasyOCR model across eight datasets 

EasyOCR 
Metric Cute80 ICDAR 

2003 
ICDAR 
2013 

ICDAR 
2015 

IIIT5K SVT SVTP TotalText 

Common Substitution Errors 
 

d -> o: 3 

e -> l: 2 

   -> v: 2 

n -> v: 2 

e -> y: 2 

g -> c: 2 

t -> e: 1 

p -> i: 1 

n -> o: 1 

g -> o: 1 

o -> 0: 7 

t -> i: 5 

n -> m: 5 

e -> f: 4 

c ->g: 3 

i -> l: 3 

t -> l: 3 

c ->d: 3 

i -> t: 3 

u ->0: 2 

e->f: 17 

y -> v: 4 

n->m: 4 

r -> p: 4 

! -> i: 3 

t -> i: 3 

d -> o: 3 

b -> 8: 3 

i -> l: 2 

c -> l: 2 

i -> l: 15 

e -> o: 9 

e -> c: 7 

s -> g: 6 

t -> l: 5 

y -> v: 5 

o ->q: 5 

o ->0: 5 

f -> l: 4 

! -> l: 4 

o-> 0:15 

t -> i: 11 

i -> l: 10 

e ->c: 10 

s -> $: 9 

g -> c: 7 

t -> l: 7 

y -> v: 7 

r -> n: 6 

h -> k: 6 

i -> l: 5 

g -> c: 5 

a -> h: 4 

e -> c: 4 

i -> t: 3 

t -> i: 3 

c -> g: 2 

j -> t: 2 

l -> c: 2 

o -> q: 2 

o -> 0: 6 

t -> i: 4 

n -> d: 3 

i -> m: 3 

a -> n: 3 

f -> e: 3 

g -> c: 3 

n -> u: 2 

a -> u: 2 

n -> m: 2 

o -> 0: 15 

g -> c: 8 

o -> c: 7 

i -> l: 6 

n -> m: 6 

t -> i: 6 

o -> a: 5 

e -> c: 5 

p -> r: 5 

y -> v: 4 

Total Special Characters 
 

15 40 80 137 2 0 7 92 

Special Character Errors 
 

4 19 9 79 246 13 16 131 

 

Across the eight scene text datasets analyzed, the EasyOCR model exhibited a strong tendency to confuse certain 

characters. The most prominent substitution observed was “o” → “0”, which appeared consistently across nearly all 

datasets (including ICDAR 2003, IIIT5K, SVTP, and TotalText). This pattern indicates that the visual similarity between 

the letter “o” and the numeral “0” leads to systematic misclassification in classical CNN–RNN–based architectures such 

as EasyOCR. 

 

Additionally, substitutions such as “i” → “l” and “t” → “i” were frequently observed across multiple datasets. ese types 

of errors are typically associated with factors such as low image resolution, font variation, and thin character strokes. Such 

confusions were particularly pronounced in more challenging datasets, including SVT, SVTP, and ICDAR 2015. Similarly, 

transformations like “g” → “c”, “e” → “c”, and “n” → “m” occurred due to the structural resemblance between characters 

and the model’s limited ability to leverage contextual linguistic information effectively. 

 

In terms of Special Character Errors, EasyOCR demonstrated significant weaknesses. For instance, in the IIIT5K dataset, 

despite containing only two unique special characters, the model produced 246 special character errors. This suggests a 

systematic failure in recognizing or differentiating special characters, often either ignoring them or misclassifying them 

as other symbols. Similar issues persisted across other datasets, including TotalText (131 errors), ICDAR 2015 (79 errors), 

and ICDAR 2003 (19 errors), underscoring the model’s consistent limitations in handling special character recognition. 

 

In conclusion, the EasyOCR model frequently confuses character pairs with structural similarities in character-level 

recognition tasks and tends to severely neglect special characters. This indicates that the model fails to adequately integrate 

both visual and linguistic context, placing it at a disadvantage compared to more modern Transformer-based 

architectures. 

 

Table 19 presents a detailed overview of the common substitution errors and special character recognition errors observed 

for the Tesseract OCR model across eight different datasets. 

 

The Tesseract OCR model exhibits a high tendency for character confusion in scene text recognition tasks. The most 

frequent substitution errors include “t” → “r”, “n” → “r”, “o” → “g”, “e” → “c”, “c” → “g”, and “r” → “t”. ese errors indicate 

that the model struggles to capture discriminative visual features, particularly among rounded or open-ended characters, 

due to structural similarities. The frequency of such confusions increases substantially in high-variance and low-contrast 

datasets such as IIIT5K and ICDAR 2015. 
 

 

Table 19. Common substitution errors and special character recognition errors observed for the Tesseract OCR model across eight datasets 
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TesseractOCR 
Metric Cute80 ICDAR 

2003 
ICDAR 
2013 

ICDAR 
2015 

IIIT5K SVT SVTP TotalText 

Common Substitution Errors 
 

c -> g: 4 

o -> e: 4 

t -> i: 3 

b -> p: 3 

a -> p: 3 

s -> g: 2 

t -> ;: 2 

m -> n: 2 

h -> w: 2 

i -> l: 2 

t -> r: 3 

e -> c: 3 

s -> c: 3 

6 -> o: 2 

0 -> u: 2 

o -> g: 2 

c -> a: 2 

i -> a: 2 

f -> i: 2 

o -> e: 2 

t -> i: 4 

l -> i: 3 

o -> g: 2 

' -> ’: 2 

l -> !: 2 

o -> a: 2 

d -> a: 2 

r -> f: 2 

m -> v: 2 

n -> r: 2 

n -> r: 8 

b -> p: 8 

p -> r: 7 

o -> e: 7 

t -> i: 6 

a -> o: 6 

e -> a: 6 

c -> e: 5 

m -> n: 5 

r -> t: 5 

t -> r: 10 

e -> y: 6 

i -> l: 5 

c -> g: 5 

g -> s: 4 

c -> o: 4 

r -> n: 4 

a -> o: 4 

l -> t: 4 

e -> é: 4 

t -> e: 3 

o -> a: 3 

h -> ): 3 

s -> c: 2 

r -> e: 2 

r -> v: 2 

a -> o: 2 

l -> t: 2 

f -> t: 1 

r -> t: 1 

c -> r: 3 

t -> g: 2 

r -> a: 2 

o -> g: 2 

t -> l: 2 

a -> i: 2 

u -> l: 2 

m -> n: 2 

g -> c: 2 

c -> e: 2 

n -> y: 8 

g -> e: 6 

l -> t: 6 

t -> y: 5 

a -> 4: 5 

t -> a: 5 

i -> e: 5 

d -> e: 5 

d -> p: 5 

u -> o: 4 

Total Special Characters 
 

15 40 80 137 2 0 7 92 

  Special Character Errors: 
 

35 26 25 117 305 34 24 180 

 

The model also frequently confuses letters with simple linear distinctions (e.g., “l”, “i”, “t”), highlighting the limitations of 

its segmentation-based architecture. Since Tesseract OCR relies heavily on explicit segmentation, its ability to leverage 

contextual relationships within text is weak. Consequently, when faced with visually similar characters, the model’s error 

rate increases significantly. 

 

In terms of Special Character Errors, Tesseract OCR demonstrates consistently high error rates across nearly all datasets. 

For instance, in the IIIT5K dataset despite containing only two special characters 305 special character errors were 

recorded. This indicates a systematic failure to recognize or correctly classify such symbols, often ignoring or 

misinterpreting them entirely. Similar weaknesses were observed in TotalText (180 errors), ICDAR 2015 (117 errors), and 

CUTE80 (35 errors). These findings are directly linked to the model’s strict dependence on a predefined character set and 

its lack of contextual flexibility. 

 

Table 20 summarizes the common substitution errors and special character recognition errors identified for the Keras 

OCR model across eight datasets. 

 
Table 20. Common substitution errors and special character recognition errors observed for the Keras OCR model across eight datasets 

KerasOCR 
Metric Cute80 ICDAR 

2003 
ICDAR 
2013 

ICDAR 
2015 

IIIT5K SVT SVTP TotalText 

Common Substitution Errors 
 

e -> s: 6 

w -> n: 4 

i -> t: 3 

0 -> o: 3 

2 -> z: 3 

i -> a: 2 

l -> e: 2 

c -> e: 2 

s -> l: 2 

  - > l: 2 

3 -> s: 7 

5 -> s: 5 

i -> l: 5 

r -> n: 5 

e -> o: 4 

a -> e: 4 

h -> i: 4 

t -> l: 4 

1 -> i: 4 

l -> s: 4 

0 -> o: 9 

4 -> a: 7 

r -> s: 6 

p -> d: 4 

t -> l: 4 

n -> m: 4 

i -> l: 3 

a -> i: 3 

n -> r: 3 

d -> a: 3 

r -> n: 28 

a -> o: 19 

i -> l: 17 

t -> i: 16 

m ->n:15 

e -> c: 13 

h -> n:12 

0 -> o:11 

t -> l: 10 

e -> i: 10 

i -> l: 19 

0 -> o:17 

t -> l: 10 

r -> n: 9 

m -> n: 9 

t -> i: 8 

e -> s: 8 

a -> o: 7 

a -> e: 7 

i -> t: 7 

i -> l: 8 

f -> e: 7 

e -> c: 5 

t -> l: 4 

t -> i: 4 

h -> n: 4 

r -> n: 4 

t -> e: 3 

t -> c: 3 

o -> a: 3 

m -> n: 9 

t -> i: 7 

r -> n: 6 

a -> e: 6 

t -> n: 5 

f -> e: 5 

g -> c: 4 

i -> a: 4 

a -> n: 4 

a -> i: 4 

m -> n: 16 

e -> s: 14 

0 -> o: 12 

5 -> s: 12 

4 -> a: 10 

i -> l: 10 

e -> c: 10 

a -> s: 9 

2 -> z: 9 

i -> e: 9 

Total Special Characters 
 

15 40 80 137 2 0 7 92 

  Special Character Errors: 
 

0 0 0 0 0 0 0 0 

 

The Keras OCR model exhibits a distinctive pattern in its character-level recognition performance. Error analyses 

conducted across eight different datasets reveal that the most frequent substitution errors include “i” → “l”, “r” → “n”, “0” 

→ “o”, “t” → “i”, “e” → “s”, and “m” → “n”. ese substitutions are largely driven by visual similarity, oen occurring 

between thin-stroked or short characters. For example, the vertical alignment of “i” and “l” makes it difficult for the model 

to differentiate between them in low-resolution images, resulting in recurrent misclassifications. 
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Additionally, substitutions such as “e” → “s”, “a” → “o”, “5” → “s”, and “2” → “z” frequently observed across multiple datasets 

indicate that the model experiences confusion not only between alphabetic characters but also between letters and 

numerals. This behavior suggests that Keras OCR relies predominantly on visual pattern recognition and makes limited 

use of linguistic contextual cues during decoding. 

 

Notably, the Keras OCR model did not produce any special character errors. Across datasets with varying levels of text 

complexity such as CUTE80, ICDAR, IIIT5K, SVT, SVTP, and TotalText the model consistently demonstrated strong 

performance in recognizing special characters. 

 

Table 21 presents the common substitution errors and special character recognition errors identified for the DoCTR 

model across eight datasets. 

 
Table 21. Common substitution errors and special character recognition errors observed for the DoCTR model across eight datasets 

DoCTR 
Metric Cute80 ICDAR 

2003 
ICDAR 
2013 

ICDAR 
2015 

IIIT5K SVT SVTP TotalText 

Common Substitution Errors 
 

l  -> a: 3 

o -> u: 3 

d -> a: 3 

c -> e: 3 

e -> s: 3 

r -> a:  2 

s -> .:  2 

m -> l: 2 

h -> m:2 

s –> n: 2 

o -> 0: 7 

g -> c: 6 e 

-> c: 4  i -

> t:   3   g 

-> a: 3 

p -> r:  3   

r -> i:   2   

e -> o: 2 

i -> o:  2 

h -> a: 2 

b -> 8: 4 

c -> o: 3 

f -> r: 3 

t -> i: 3 

r -> i: 3 

o -> 0: 3 

p -> i: 2 

m -> h: 2 

! -> i: 2 

j -> i: 2 

e -> a: 13 

a -> o: 12 

i -> l: 10 

s -> a: 10 

e -> i: 9 

a -> i: 9 

o -> a: 9 

m -> n: 9 

o -> u: 9 

i -> t: 9 

i -> l: 13 

e -> s: 8 

t -> l: 8 

c -> e: 7 

i -> u: 7 

c -> g: 6 

o -> a: 6 

f -> e: 6 

o -> u: 6 

l -> i: 6 

i -> t: 5 

t -> l: 4 

o -> u: 4 

r -> a: 3 

t -> i: 3 

h -> l: 3 

c -> e: 3 

e -> l: 2 

t -> a: 2 

a -> n: 2 

t -> i: 6 

m -> n: 5 

a -> o: 5 

o -> 0: 5 

o -> a: 4 

f -> e: 4 

c -> g: 4 

t -> l: 4 

g -> c: 3 

a -> u: 3 

s -> a: 13 

o -> a: 13 

r -> a: 12 

t -> i: 9 

e -> a: 9 

t -> a: 9 

h -> i: 9 

l -> i: 8 

n -> s: 8 

m -> n: 8 

Total Special Characters 
 

15 40 80 137 2 0 7 92 

  Special Character Errors: 
 

34 30 29 39 358 16 8 203 

 

Despite its Transformer-based architecture, the DoCTR model exhibits noticeable character confusion patterns, 

particularly in scene texts containing low-resolution or stylized writing. The most frequently observed substitution errors 

include “s” → “a”, “t” → “i”, “i” → “l”, “o” → “a”, “e” → “a”, “m” → “n”, “l” → “a”, and “o” → “u”. ese substitutions suggest 

that the model occasionally struggles to distinguish between visually similar character forms. 

 

Such errors are especially prominent in complex datasets like ICDAR 2015, IIIT5K, and TotalText. For instance, in 

IIIT5K, frequent substitutions such as “e” → “a”, “a” → “o”, “i” → “l”, “t” → “l”, and “c” → “e” were observed in large numbers. 

This indicates that the model’s spatial attention mechanism may not be optimally leveraged when processing long or 

naturally aligned scene text sequences. 

 

In terms of Special Character Errors, DoCTR displayed notably high error rates in certain datasets particularly IIIT5K 

and TotalText. Although IIIT5K contains only two unique special characters, the model produced 358 errors, while 203 

errors were recorded for TotalText, indicating substantial deficiencies in recognizing special characters. This weakness 

may be attributed to insufficient representation of such symbols in the training data or to the model’s tendency to interpret 

them as visual noise. 

 

Conversely, in relatively simpler or special-character-free datasets such as SVT and SVTP, the number of errors was 

significantly lower. This pattern suggests that the model’s recognition capability is sensitive to the dataset structure, 

performing more reliably when the visual variability of special characters is reduced. 

 

Table 22 presents the common substitution errors and special character recognition errors identified for the TrOCR 

model across eight datasets. 
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Table 22. Common substitution errors and special character recognition errors observed for the TrOCR model across eight datasets 

TrOCR 

Metric Cute80 ICDAR 

2003 

ICDAR 

2013 

ICDAR 

2015 

IIIT5K SVT SVTP TotalText 

Common Substitution Errors 

 

c -> o: 6 

o -> 0: 6 

c -> s: 5 

m -> n: 5 

t -> s: 5 

o -> .: 5 

o -> s: 4 

a -> e: 4 

r -> p: 4 

a -> y: 4 

o -> 0:17 

a -> e: 13 

a -> i: 8 

t -> n: 8 

g -> c: 7 

r -> t: 7 

c -> o: 7 

r -> l: 6 

g -> o: 6 

c -> 0: 6 

l -> t: 14 

n ->m:12 

e -> i: 10 

g -> c: 8 

c -> 0: 7 

d -> p: 7 

l -> i: 7 

a -> e: 7 

a -> 0: 7 

c -> o: 6 

a -> o: 42 

a -> e: 38 

a -> i: 38 

s -> 0: 36 

r -> n: 35 

a -> 0:30 

t -> l: 24 

e -> i: 24 

o -> e: 23 

o -> 0:23 

o -> 0: 33 

a -> e: 33 

a -> o: 29 

e -> i: 27 

n ->m:26 

h -> i: 24 

r -> n: 23 

m ->n:22 

c -> o: 19 

t -> i: 19 

a -> o: 15 

m ->n:14 

a -> i: 12 

a -> e: 12 

c -> o: 9 

n -> t: 9 

e -> o: 7 

a -> n: 7 

l -> n: 7 

l -> i: 7 

a -> e: 18 

a -> o: 18 

r -> n: 13 

c -> 0: 13 

r -> t: 13 

e -> i: 11 

h -> p:10 

l -> n: 10 

m -> 0: 9 

n -> t: 9 

o -> 0: 34 

e -> i: 32 

a -> e: 27 

a -> i: 25 

o -> e: 23 

h -> i: 22 

c -> 0: 21 

a -> o: 20 

a -> s: 20 

s -> 0: 20 

Total Special Characters 

 

15 40 80 137 2 0 7 92 

  Special Character Errors: 

 

69 178 113 439 907 170 153 528 

 

Although the TrOCR model integrates Vision Transformer components with strong linguistic context modeling, it 

continues to face significant challenges in accurately distinguishing characters within scene text recognition tasks. The 

data presented in the table indicate that the most frequent substitution errors include “o” → “0”, “a” → “o”, “a” → “e”, “e” 

→ “i”, “a” → “i”, “r” → “n”, “m” → “n”, and “c” → “o/0”. ese errors highlight a recurring confusion between letters and 

digits as well as between characters with similar anatomical structures, revealing persistent visual ambiguity issues. 

 

The TrOCR model generated notably high error counts, particularly on the ICDAR 2015, IIIT5K, and TotalText datasets. 

For instance, in IIIT5K, transformations such as “a” → “o”, “o” → “0”, and “a” → “e” occurred more than 30 times each, 

while in TotalText, the single substitution “o” → “0” appeared 34 times. Despite being among the most advanced 

architectures, the model’s repeated misclassifications demonstrate its sensitivity to shape-based similarities in scene texts. 

 

In terms of Special Character Errors, TrOCR produced the highest number of errors among all models. In the IIIT5K 

dataset, only two special characters resulted in 907 misclassifications, while 528 errors were observed in TotalText. Even 

in simpler datasets such as SVT and SVTP, the model generated over 150 special character errors, indicating an excessive 

sensitivity that leads to frequent misassignments of special characters. 

 

Table 23 presents the common substitution errors and special character recognition errors observed for the MGP-STR 

model across eight scene text datasets. 

 
Table 23. Common substitution errors and special character recognition errors observed for the MGP-STR model across eight datasets 

MGP-STR 
Metric Cute80 ICDAR 

2003 
ICDAR 
2013 

ICDAR 
2015 

IIIT5K SVT SVTP TotalText 

Common Substitution Errors 
 

b -> t: 3 

r -> n: 3 

s -> e: 2 

-> h: 2 

. -> o: 2 

u -> o: 2 

t -> o: 2 

-> t: 1 

-> s: 1 

n -> h: 1 

& -> 8: 4 

1 -> i: 4 

& -> a: 3 

f -> i: 3 

i -> e: 2 

e -> a: 2 

h -> i: 2 

i -> 1: 2 

0 -> o: 2 

£ -> e: 2 

0 -> w: 3 

b -> 8: 2 

3 -> i: 1 

i -> t: 1 

o -> d: 1 

u -> i: 1 

g -> c: 1 

s -> u: 1 

e -> d: 1 

a -> i: 1 

o -> a: 7 

a -> o: 5 

i -> e: 4 

o -> i: 4 

e -> a: 4 

t -> l: 4 

l -> p: 4 

i -> l: 4 

f -> a: 3 

o -> n: 3 

t -> o: 3 

m -> o: 3 

n -> f: 3 

a -> u: 3 

r -> e: 3 

o -> p: 2 

o -> d: 2 

7 -> 2: 2 

i -> l: 2 

l -> p: 2 

a -> u: 2 

i -> t: 1 

c -> r: 1 

b -> e: 1 

o -> f: 1 

z -> v: 1 

g -> c: 1 

t -> r: 1 

s -> i: 1 

c -> a: 1 

g -> i: 3 

é -> e: 2 

a -> o: 2 

r -> t: 2 

o -> 0: 2 

m -> i: 2 

f -> r: 2 

h -> r: 1 

a -> u: 1 

t -> a: 1 

a -> i: 7 

a -> o: 6 

i -> h: 6 

t -> i: 6 

t -> n: 6 

t -> r: 5 

s -> t: 5 

e -> o: 5 

c -> g: 4 

l -> t: 4 

Total Special Characters 
 

15 40 80 137 2 0 7 92 

  Special Character Errors: 0 0 0 2 0 0 0 0 

 

The MGP-STR model, a Vision Transformer–based advanced architecture distinguished by its high accuracy in scene text 

recognition, also demonstrates superior performance in character recognition tasks. As shown in Table 23, the model’s 
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character substitution patterns are not only few in number but also limited in diversity. The most common substitution 

errors include “a” → “i/o”, “o” → “a/i”, “i” → “e/l”, “t” → “r/n”, and “r” → “n/t”. ese confusions generally occur between 

character pairs with very subtle visual distinctions and remain remarkably infrequent despite the challenging conditions 

of scene text environments. 

 

When compared with models that produced the highest number of errors, such as TrOCR and DoCTR, the frequency of 

errors in MGP-STR is exceptionally low. For instance, while the TrOCR model generated over 900 special character errors 

in the IIIT5K dataset, MGP-STR recorded only two. Moreover, in the remaining seven datasets, no special character errors 

were observed. This outcome demonstrates the model’s high precision in both character segmentation and classification, 

as well as its robust capability to accurately recognize and filter special characters. 

 

In conclusion, thanks to its multi-granularity architecture, which integrates multi-scale information flow with linguistic 

context, the MGP-STR model delivers outstanding overall performance. The conducted error type analyses reveal that 

the structural differences among OCR models influence not only their accuracy rates but also their error diversity and 

special character handling capabilities. Notably, models such as MGP-STR and Keras OCR exhibited low error 

frequencies, whereas TrOCR and DoCTR produced high error densities and systematic character confusions. 

 

4.4. MGP-STR Model Performance on the Turkish Scene Text Dataset 

 

In this section, unlike the previous comparative analyses, the MGP-STR model’s performance is evaluated specifically on 

a Turkish Scene Text Dataset, which contains scene text samples in the Turkish language. The analysis focuses on both 

character-level and word-level recognition performance. The test set comprises 2,079 words [68]. Additionally, the impact 

of Turkish-specific characters and the morphological structure of the language on model performance is discussed. 

 

Table 24 presents the character-level and word-level performance results of the MGP-STR model on the TS-TR (Turkish 

Scene Text) dataset. 

 
Table 24. Character- and word level performance results of the MGP-STR model on the TS-TR dataset 

TS-TR: Turkish scene text dataset 
                                                                Models 
   Metric 

Mgp-STR 

Character Accuracy 0.8541 

F1 Score 0,8956 

Recall 0,8695 

Precision 0.9234 

Levenshtein 1880 

Total / Correct 12880 / 11001 

Word Accuracy 0.4978 

F1 Score 0.4978 

Recall 0,4978 

Precision 0.4978 

Total / Correct 2079/1035 

 

Although the MGP-STR model has demonstrated outstanding performance on English-language scene text datasets, its 

results on the TS-TR (Turkish Scene Text) dataset clearly reveal the influence of linguistic differences on model 

performance. At the character level, the model achieved an accuracy of 85.41%, an F1-score of 89.56%, and a Levenshtein 

distance of 1880, indicating generally strong recognition capability. However, this success declines substantially when 

evaluated at the word level. 

 

All word-level metrics including accuracy, F1-score, precision, and recall were measured at only 49.78%, meaning the 

model correctly recognized only one out of every two words in the Turkish dataset. Compared to the 77–97% accuracy 

range observed in English scene text benchmarks, this represents a significant performance drop. These results indicate 

that the model struggles with Turkish-specific morphological structures, character combinations, and special letters, 

suggesting a limited capacity for cross-lingual generalization and language adaptation. 
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The most frequent character substitutions observed in the Turkish dataset include: “ü” → “u” (168 times), “ş” → “s” (154 

times), “ç” → “c” (113 times), “ğ” → “g” (87 times), “ö” → “o” (60 times), and cases where the dot above “i” was misread, 

leading to substitutions such as “i” → “s” (29 times) or “i” → “c” (16 times). Additionally, less frequent confusions such as 

“ç” → “g” (9 times) and “y” → “v” (6 times) were also observed. ese substitution patterns indicate that the model fails to 

accurately distinguish Turkish-specific diacritical characters, instead mapping them to their default Latin counterparts. 

Such systematic transformations play a major role in explaining the drastic reduction in word-level performance. The 

confusion of Turkish characters with visually similar Latin letters, coupled with insufficient modeling of linguistic context, 

contributes significantly to these substitution errors. 

 

5. Discussion 
 

In this study, six OCR models were comparatively analyzed across eight English scene text datasets and one TS-TR. The 

findings demonstrate that model architecture plays a decisive role not only in determining overall accuracy but also in 

shaping character-level error patterns, special character recognition performance, and language adaptability. 

 

The Transformer-based MGP-STR model achieved the highest overall accuracy at both the character and word levels, 

exhibiting superior performance particularly on English scene text datasets. However, when applied to the Turkish scene 

text dataset containing language-specific characters and morphological complexity, the model’s performance declined 

sharply at the word level (49.78% accuracy). This significant drop underscores the model’s limited language adaptation 

capability and its difficulty in accurately recognizing Turkish-specific diacritics and orthographic forms. 

 

Despite having large parameter counts and complex architectures, Transformer-based models such as TrOCR and 

DoCTR exhibited systematic character confusions and particularly high rates of special character errors across multiple 

datasets. For instance, in the IIIT5K dataset, the TrOCR model produced 907 special character errors, even though the 

dataset contained only two unique special characters. This finding indicates that complex architectures do not necessarily 

guarantee superior overall performance and that data diversity and language representation are just as critical as 

architectural sophistication. 

 

Traditional rule-based systems such as Tesseract OCR, which rely heavily on explicit character segmentation, 

demonstrated lower accuracy and higher error rates compared to modern deep learning models. The absence of 

contextual understanding made these systems inadequate when dealing with complex or visually distorted scene texts. 

Mid-level deep learning frameworks such as Keras OCR and EasyOCR delivered relatively stable results in certain datasets; 

however, their performance declined in multi-oriented or heavily distorted scenes due to their limited capability for 

contextual reasoning and linguistic integration. 

 

In light of these findings, it becomes evident that OCR systems should be evaluated not solely based on visual accuracy, 

but through multi-dimensional criteria encompassing character substitution patterns, special character sensitivity, word-

level contextual performance, and language adaptability. For systems targeting low-resource languages, linguistic factors 

such as morphological richness and unique alphabetic characters must be explicitly incorporated into both model design 

and evaluation processes. 

 

The results highlight several promising directions for improving model performance. For languages containing distinctive 

alphabetic elements such as the Turkish characters ç, ğ, ş, ü, ö character-level language adaptation becomes essential. In 

this context, methods such as multilingual pre-training, linguistically informed data augmentation, character-specific 

tokenization, and visual–linguistic hybrid architectures are strongly recommended. Furthermore, to reduce word-level 

recognition errors, the integration of language models, post-processing correction mechanisms, and context-aware 

attention layers should be considered to enhance both contextual understanding and textual consistency. 

 

The models examined in this study were evaluated in their pre-trained forms, each developed with different training 

datasets, hyperparameter settings, and optimization strategies. This introduces certain limitations when making direct 
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architectural comparisons. Furthermore, the first version of TS-TR dataset has a relatively limited scope, particularly in 

terms of font diversity, scene variability, and natural distortions, indicating significant potential for further expansion and 

refinement in future work. 

 

6. Conclusion and Future Work 
 

In this study, six different OCR models were comparatively evaluated at both the character and word levels across eight 

English and one Turkish scene text datasets. The MGP-STR model achieved the highest overall accuracy; however, it 

exhibited a marked performance decline at the word level on the TS-TR dataset, which includes Turkish-specific 

characters. The findings highlight the need for further improvement of OCR systems in terms of language awareness, 

special character processing, and contextual generalization capabilities. In this regard, multilingual training strategies and 

language-specific architectural enhancements should be prioritized in future research. 

 

Future studies should focus on developing larger, multi-scene, and linguistically rich Turkish datasets, implementing 

transfer learning–based Turkish model adaptation, and conducting semantic-level analyses of character substitution 

errors to accelerate progress in this field. Moreover, next-generation OCR architectures that jointly encode linguistic and 

visual context hold strong potential for delivering more effective solutions for Turkish and other languages with similar 

morphological complexity. 
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