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Abstract

Recently, the digitization of books has been actively promoted to improve acces-
sibility. However, early modern Japanese books published from the Meiji to
early Showa era (1868-1935) exhibit numerous characteristics that differ from
contemporary publications. Current research continues to advance specialized
character—recognition systems for these books. Nevertheless, recognition errors
remain prevalent. In this study, we introduce a method for textual error detection
and correction in Optical Character Recognition (OCR)—processed early-modern
Japanese texts. The proposed approach employs an ensemble framework that
integrates a Bidirectional Gated Recurrent Unit (Bi-GRU) model and a dic-
tionary for error detection, alongside BERT for error correction. Evaluation
experiments demonstrate that our method achieves an F-measure of 74.9%, out-
performs baseline methods, and effectively identifies erroneous characters with
high accuracy while minimizing false detections.
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1 Introduction

Paper—based media are inherently susceptible to physical degradation, and accessing or
searching their contents is time—consuming. Accordingly, digital conversion has become
increasingly necessary. The primary method of conversion is text extraction through
Optical Character Recognition (OCR) software, which converts printed or handwrit-
ten text—captured by applications or dedicated devices—into digital text data by
identifying textual components within image data. Existing OCR systems have pri-
marily been developed for standardized contemporary characters; consequently, they
exhibit reduced accuracy when applied to text from pre—standardization eras.

One particularly challenging category for existing OCR, systems comprises the
characters found in early-modern Japanese publications, produced from the Meiji
era to the early Showa era (1868-1935). Unlike contemporary books, these publica-
tions lack uniform standards, with fonts varying across publishers and publication
years, which substantially reduces recognition accuracy in existing OCR, systems [1].
To address this issue, specialized OCR methods employing Convolutional Neural Net-
works (CNNs) [2] have been proposed [3, 4]. For example, [3] reports the development
of an OCR program capable of extracting text data from digitized copies of books pre-
served in the National Diet Library, achieving recognition accuracy exceeding 90% [5].
Furthermore, [4] employed training data combining modern printed characters with
manually collected samples from early—-modern Japanese book yielding approximately
97% accuracy. Given the extensive quantity of early-modern Japanese books, manual
error detection remains highly difficult. Recognition accuracy can be enhanced through
diversification and expansion of training data. Accordingly, research has explored char-
acter image modernization and augmentation of character variety [6, 7]. However, the
recognition accuracies achieved through these approaches remains limited.

Conventional approaches to recognition error correction include [8] and [9].
[8] identifies the tendency of erroneous sentences to appear unnatural and proposes
a three—stage framework comprising erroneous sentence detection, recognition error
detection, and recognition error correction. In contrast, [9] adopts a two—stage frame-
work of error detection and correction. Both works report performance evaluations
demonstrating the effectiveness of their error correction methods. However, while real—
world data contain a natural mix of correct and erroneous sentences, the evaluation
dataset in [8] consisted exclusively of erroneous sentences. Although [9] employed
mixed data, the dataset contained a relatively large proportion of errors, which differs
from the natural distribution of errors expected in real-world data. Therefore, further
evaluation under more realistic error distributions is needed to assess the practical
performance of these approaches.

In this study, we target texts containing both correct and erroneous sentences. Our
proposed method employs a two—stage architecture. For error detection, to mitigate



false positives in correct sentences, we introduce an ensemble approach that inte-
grates dictionary—based deterministic word matching with context—based probabilistic
detection [9] using a Bidirectional Gated Recurrent Unit (Bi-GRU) [10]. For error
correction, the detected erroneous characters are replaced with a [MASK] token, and
the masked tokens are predicted using Bidirectional Encoder Representations from the
Transformers (BERT) Masked Language Modeling (MLM) task [11]. The predicted
Chinese characters are then selected as correction candidates through a comprehensive
evaluation of their string similarity with the original erroneous characters.

2 Character Recognition for early-modern Japanese
books

One representative OCR system for early-modern Japanese books is the NDLOCR,
developed by the National Diet Library [3]. The system has been fine-tuned on
approximately 2.62 million images to adapt to the layout and character features of
modern books, employing a CNN integrated with Connectionist Temporal Classifi-
cation (CTC) [12]. In evaluation experiments using scanned books and magazines
published between 1870 and 1990, NDLOCR achieved recognition accuracy exceeding
90%.

Numerous methods have been proposed to enhance character—level recognition
accuracy and mitigate the scarcity of training data. Yasunami et al. [4] trained a CNN
using modern fonts combined with a limited set of images from early-modern Japanese
books, thereby addressing the blurring and degradation inherent in letterpress print-
ing. This method was evaluated on six categories of character images extracted from
early-modern Japanese books published across different eras and publishers, achiev-
ing recognition accuracies ranging from 95.98% to 97.54%. To address the shortage
of training data for specific character classes, Koiso et al. [13, 14]introduced a data—
augmentation method employing CycleGAN [15] to generate character images in the
style of early-modern Japanese books. This method was evaluated using real character
images excluded from the training and validation datasets. The results demonstrated
that even with only a single real character image, the inclusion of generated images
yielded a maximum recognition accuracy of 94.90%. The method achieved 87.99%
maximum recognition accuracy even without using any real character images. In sub-
sequent work, Koiso et al. [16, 17] further proposed replacing the recognizer with a
Vision Transformer (ViT) [18]. Character recognition experiments were conducted on
6,524—character classes, encompassing the combined JIS Level 1 and Level 2 —character
sets. Their proposed ViT-based recognizer achieved a maximum recognition accuracy
of 94.65% with diffusion—generated images and 93.19% with CycleGAN-generated
images, thereby substantiating its effectiveness.

Thus, character recognition technology for early modern Japanese books has made
significant advances in recent years. However, even when the recognition accuracy
exceeds 90%, several characters per hundred remain misrecognized. Therefore, cor-
recting these errors is essential to make digitized materials suitable for practical use
as searchable text data and corpora.



3 Previous research

[8] and [19] employed a BERT-based contextual analysis framework to detect and
correct recognition errors in early-modern Japanese book texts. Their approach com-
prised three distinct stages: erroneous sentence detection, recognition error detection,
and recognition error correction. For erroneous sentence detection, the authors utilized
a BERT-based classifier. The pretrained BERT model was independently developed
using early-modern Japanese book data. In addition, erroneous sentences were artifi-
cially generated by inserting recognition errors into the corpus. The model was then
fine—tuned with labeled pairs of correct and erroneous sentences to construct a classifier
capable of binary classification.

For erroneous sentence detection, the authors utilized a BERT-based classifier. The
pretrained BERT model was independently developed using early-modern Japanese
book data. In addition, erroneous sentences were artificially generated by inserting
recognition errors into the corpus. The model was then fine-tuned with labeled pairs of
correct and erroneous sentences to construct a classifier capable of binary classification.

Recognition—error detection was performed via dictionary-based word matching.
In addition to jukugo extracted from the pre-training dataset using SentencePiece,
the dictionary incorporated jukugo formed by concatenating consecutive Chinese char-
acters. In Japanese, jukugo denotes a compound word composed of two or more
Chinese characters that collectively convey a unified meaning. For sentences identi-
fied as erroneous during the erroneous—sentence-detection stage, word segmentation
was performed and cross-referenced against the constructed dictionary. Words absent
from the dictionary were classified as recognition errors.

For recognition error correction, correction candidates were generated by inte-
grating filtering mechanisms with the Mask Language Modeling (MLM) task of the
pretrained BERT model employed in the detection phase. The procedure first extracts
the initial and terminal Chinese characters of jukugo containing recognition errors.
The position of the recognition error is then replaced with a [MASK] token. Subse-
quently, word candidates for the [MASK] token are predicted in descending order of
their occurrence probabilities using the MLM task. From these predictions, only those
beginning with the initial Chinese or ending with the terminal Chinese character of
the original recognition error are retained. The top n words obtained through this
process are designated as correction candidates.

When creating the training data for erroneous sentence detection in [8], erroneous
sentences were generated by randomly replacing Chinese characters. In actual charac-
ter recognition, however, misrecognitions typically occur between Chinese characters
of similar shapes. Consequently, recognition error detection in real-world environ-
ments is more challenging than when using randomly substituted recognition errors.
Both correct and erroneous sentences were included for the test data; however, no
justification was provided for the ratio between them.

4 Proposed Method

This study proposes a method for detecting and correcting character recognition errors
in early-modern Japanese books. The approach integrates a Bi-GRU model with



a dictionary—based method in an ensemble framework for error detection. The Bi-
GRU model facilitates probabilistic judgments by leveraging contextual information
and can reasonably accommodate unknown words. However, it exhibits sensitivity to
low—frequency words in the training data, thereby increasing false detections. In con-
trast, the dictionary—based method performs deterministic matching. While reliably
recognizing words registered in the dictionary, this method tends to misidentify words
absent in the dictionary. Because these two approaches exhibit different sources of
false detections, our proposed method adopts an ensemble technique in which each
compensates for the errors of the other, thereby reducing false detections in a comple-
mentary manner. Furthermore, we employed evaluation data specifically constructed
to reflect actual character recognition error rates, enabling validation of the effective-
ness of our proposed method under real-world operational conditions. Our proposed
method comprises two stages: error detection and error correction. In the OCR of
early-modern Japanese books, characters with limited training data or those with sim-
ilar forms are frequently misrecognized, a tendency particularly pronounced in Chinese
characters. Accordingly, this study focuses on detecting and correcting recognition
errors in Chinese characters.

Fig.1 illustrates the overview of the proposed method. In the error detection stage,
the system identifies erroneous locations in the input text. In the subsequent error
correction stage, the system predicts the correct word for each detected location and
revises the input text accordingly.

1. Error Detection Detect erroneous word locations in text

For detected erroneous word locations,

2. Error Correction .
predict the correct word

Fig. 1 Flow of our proposed method

4.1 Generation of Erroneous Sentence Data

Fig. 2 illustrates the procedure for generating erroneous sentence data. First, the cor-
rect sentence was tokenized using SentencePiece ( 2—-A). From the resulting token
sequence, jukugo comprising two or more Chinese characters were extracted as replace-
ment targets (Fig. 2-B). Subsequently, one character within the extracted jukugo was
substituted with a different Chinese character to induce a recognition error (Fig. 2—-C).
At this stage, to approximate actual OCR misrecognitions, visually similar Chinese



characters identified using ResNet—18, a CNN, were employed as replacement can-
didates. This approach yields erroneous data that closely replicate real-world OCR
recognition errors. Examples of OCR misrecognition errors caused by visually similar
characters are shown in Fig. 3. After re—embedding the generated erroneous character
into the original sentence (Fig. 2-D), correctness labels were assigned to each token
(Fig. 2-E). Specifically, an error label of 1 was assigned to the entire token of any
Jjukugo containing an error, whereas a label of 0 was assigned to all other correct tokens.

A. Tokenize the correct sentence
[‘Z%,, ‘ﬁ&i,, Li@_bj]v, ‘L:’, ‘Eﬁ%,, :_a—%) L: Li’, ‘iﬁ,, :0)1, ;%{;—zh!’ t(\:17
HE, £CET, N EBT B ]

B. Select a jukugo of two or more characters
[‘Z%’, ‘;ﬁ-&‘tﬁ’, Lﬁ_@]1, AL:i, ‘g‘ﬁ/@,, 1.3—% 6: Lj:’ ﬁgﬁ%ﬁy, 10)1, 1&1’

y TX

ER, & BT, hE ), EET S, ]

C. Replace one character with a different Chinese character
D. Embed back into the original sentence

2%, 50, B, 1, B, T A, R0, e
T, LCBIT, N EET S, )

E. Assign labels at the token level
‘2z, Bx, @, 2, "B, ‘7 5I1C1F, B8, ‘0, "B, R, ‘L,
R, BT DL EET S ]
.

[0,0,0,0,0,0,0,0,1,1,0,0,0,0,0,0,0]

Fig. 2 Procedure for generating erroneous sentences
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Fig. 3 Examples of visually similar OCR misrecognitions

4.2 Recognition Error Detection Method

In the recognition error detection, words containing OCR misrecognitions were
detected. Target recognition errors for detection are restricted to Chinese substitu-
tion errors, wherein a Chinese character within a sentence is erroneously recognized
as a different Chinese character. In this study, we propose an ensemble approach that
integrates a probabilistic detection method based on Bi-GRU with a deterministic
detection method utilizing a dictionary.

The dictionary—based detection method was implemented following the approach
described in [8].

The Bi-GRU detection model determines whether each token in a sentence con-
stitutes a recognition error. The input text was tokenized using SentencePiece, with
special tokens [CLS] and [SEP] appended to the beginning and end of the sentence,
respectively. The resulting token sequence was converted into vector representations
and processed by the Bi-GRU. Utilizing the Bi-GRU enables feature extraction that
incorporates contextual information from both forward and backward directions for
each token. The Bi-GRU output was subsequently passed to a fully connected layer to
perform binary classification, thereby determining whether each token was correct or
erroneous. For model training, labeled data comprising shuffled correct and erroneous
sentences was employed. The generation of erroneous sentences followed the procedure
outlined in Section 4.1.

Because dictionary—based detection methods classify all unknown words absent
from the dictionary as errors, they tend to produce excessive false positives. Conversely,
Bi-GRU-based detection models infer from contextual information, thereby exhibit-
ing robustness against unknown words. However, their detection accuracy becomes
unstable for special words or proper nouns with low appearance frequencies in the
training data.



Accordingly, this study adopts an ensemble method that integrates a Bi-
GRU-based detection model with a dictionary—based detection method. Specifically,
dictionary—based detection was first applied to extract candidate errors from sentences.
Subsequently, the Bi-GRU model computed error probabilities for these candidates.
Finally, candidates exceeding a predefined threshold were identified as recognition
errors.

4.3 Recognition Error Correction Method

In recognition error correction, candidates for the correct word are proposed at the
positions of the recognition errors. The ranking of these correction candidates is deter-
mined by an integrated score that combines the MLM score from the pretrained BERT
model with the string similarity to the original recognition error. Furthermore, restrict-
ing the candidates to those of identical string length as the recognition error suppresses
replacements with inappropriate vocabulary. The pretrained BERT model used for
generating correction candidates was constructed following the procedure described in
[8].
Correction was performed on the detected recognition errors using the following
procedure, and the top n words obtained were designated as correction candidates.
1. The location of the recognition error was replaced with a [MASK] token.
2. The occurrence probability Syrra of the tokens for the [MASK] is calculated
using the MLM task of the pre-trained BERT model.
3. The string similarity between the original error token and each candidate token
was evaluated using Difflib, a standard Python library

2x M
T )

Ssiv = (1)
where T denotes the total number of characters across the two tokens, and M
the number of matching characters between them. The similarity Sg;,, is then
computed according to Equationl:

4. The comprehensive score is calculated using Equation2 below to rank each
candidate:

Stotal =w- SMLM + (1 - w) . Ssim- (2>

5. From these candidates, tokens whose string length matched that of the detected
recognition error were retained as the final correction candidates.

5 Experiment

In this section, to assess the effectiveness of the proposed method, we conducted exper-
iments on recognition error detection and correction using early-modern Japanese
books. Section 5.1 details the dataset, Section5.2 presents the results of recognition
error detection, and Section 5.3 presents the results of recognition error correction.



5.1 Dataset

The dataset employed in the experiments comprised digital texts of early-modern
Japanese books generated by NDLOCR, which are publicly available in the National
Diet Library’s Next Digital Library [20]. Each text file is formatted in such that one
line corresponds to a single page. Because the original data contained unreadable char-
acters and extraneous symbols, preprocessing was performed prior to use. Specifically,
extraneous symbols and unnecessary character strings were removed, and sentences
containing page numbers or unreadable characters were excluded from analysis. After
preprocessing, 282,893 sentences were obtained.

For the experiments, 280,000 sentences were selected from the preprocessed data.
Among these, 80% (224,000 sentences) were used as training data, 10% (28,000
sentences) as validation data, and the remaining 10% (28,000 sentences) as evalua-
tion data. To train BERT on the MLM task, 224,000 training sentences were used
without modifications. For the Bi-GRU-based detection model, recognition errors
were artificially generated from the BERT training data using the method described
in Section 4.1. The resulting training dataset comprised 223,999 correct sentences
and 223,999 erroneous sentences, yielding a total of 447,998 sentences. Additionally,
119,883 jukugo words extracted from the BERT training data were stored in the
dictionary.

For the evaluation data, the ratio of correct to erroneous sentences was deter-
mined based on the recognition error probability reported in [4], which estimated
that the recognition error rate for early modern Japanese books is approximately 3%.
In the dataset used in this study, the average sentence length was approximately 54
characters, and the proportion of Chinese characters was approximately 42%. Each
sentence contained an average of approximately 22.7 Chinese characters. Assuming
a recognition error probability of 3%, the probability that a sentence contained no
recognition error was estimated to be approximately 50.1%, implying that nearly half
of the sentences contained at least one recognition error. Based on this estimation,
an approximately 1:1 ratio of correct to erroneous sentences was adopted for the
sentence—level evaluation. Consequently, the evaluation dataset consisted of 53,938
shuffled sentences, including 25,938 erroneous sentences generated using the method
described in Section 4.1 and 28,000 correct sentences.

5.2 Results and Discussion

For recognition error detection, the effectiveness of the proposed method, which
combines the Bi-GRU-based detection model with a dictionary—based method, was
evaluated by against both the Bi-GRU-only and dictionary—only methods. Based on
preliminary experimental results, this experiment sets the threshold for the standalone
Bi—-GRU model to § = 0.75 and the proposed method’s threshold to # = 0.55. The
evaluation was conducted at the token level using four metrics: Accuracy, Precision,
Recall, and F-measure. Accuracy denotes the proportion of tokens correctly classified
as either correct or erroneous. Precision denotes the proportion of detected recognition
errors that are true errors. Recall denotes the proportion of actual recognition errors



that are successfully detected. The F—measure is defined as the harmonic mean of Pre-
cision and Recall. True Positives (T'P), True Negatives (T'N), False Positives(F'P),

and False Negatives (F'N) were defined as follows:

TP : Number of error tokens correctly classified as error tokens
TN : Number of tokens correctly classified as correct tokens
FP : Number of correct tokens misclassified as error tokens

FN : Number of error tokens misclassified as correct tokens

A TP+TN
ccuracy
Y TP Y FP+ TN+ FN’
Precisio TP

€C1S g

recision TP—‘,—FP’

TP
fecall - 7p T TN

2 % Precision * Recall
Precision + Recall

F-measure :

Table 1 Comparison of recognition error detection results [%].

Method Accuracy Precision Recall F-measure
Dictionary—only method 88.4 40.2 86.7 55.0
Bi-GRU-only method 95.2 70.7 70.8 70.8
Ensemble method 96.0 72.5 77.4 74.9

The experimental results are presented in Table 1. Table 1 shows that the proposed
method achieved superior performance compared to the other methods, with an accu-
racy, precision, and F-measure of 96.0%, 77.4%, and 74.9%, respectively. However,

recall was limited to 72.5%, lagging behind some comparison methods.

To evaluate the detection accuracy at the sentence level in greater detail, the output

results for erroneous sentences were classified into four categories:

® Perfect Match: All errors in the sentence were detected exactly, without any excess

or omissions.

® Over—detection: All errors in the sentence were successfully detected, but some

correct tokens were incorrectly flagged as errors.

® Incorrect: Errors are only partially detected, or correct tokens were misclassified as

erTors.
e Missed: No errors detected.

The classification results are listed in Table 2. Table 2 indicates that the proposed
method achieved a 51.6% accuracy rate for exact matches, demonstrating its ability
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Table 2 Sentence-level classification results of error detection [%].

Method Perfect Match  Over-detection Incorrect  Missed
Dictionary—only method 48.9 30.7 11.6 9.0
Bi-GRU-only method 47.2 8.6 27.3 16.9
Ensemble method 51.6 9.0 19.9 19.6

to identify misspelled words without omission or over-detection compared with the
comparison methods. However, the proportion of missed detections increased to 19.6%
compared with the other approaches.

Table 3 The proportion of over—detections in correct sentences

%]
Method Over—detection in correct sentences
Dictionary—only method 27.7
Bi-GRU-only method 23.3
Ensemble method 13.3

Table 3 presents the proportion of over—detections in correct sentences, in which
one or more locations were incorrectly detected as errors, despite the absence of any
actual errors. The proposed method achieved the lowest excess detection rate (13.3%)
for the correct sentences.

5.3 Recognition error correction

For recognition error correction, the error locations identified by each of the three
detection methods compared in the previous section were targeted for correction,
and the correction method described in Section 4.3 was applied. This evaluates the
impact of detection accuracy on the subsequent correction performance. In this study,
recognition error correction involved presenting candidates for the correct word at the
locations of the recognition errors. In the calculation of the Siotq:, the weight parameter
w was set to 0.7 for all experiments. The top 5—word candidates for each recogni-
tion error location were outputted as correction candidates. If the correct word was
included among the candidates, the correction was considered successful. In addition,
the proportion of incorrectly detected correct sentences recovered without corruption
is presented as the recovery rate.

Table 4 Results of recognition error correction [%].

Method Correction success rate  Recovery rate

Dictionary—only method -
Bi-GRU-only method 57.5 52.4
Ensemble method 64.7 48.4
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Table 4 presents the recognition error correction accuracy when the sentences
processed using each detection method were used as inputs. The dictionary—based
method generated numerous over—detections, resulting in multiple [MASK] tokens
being assigned to a single sentence. Consequently, the number of correction candidates
for multiple [MASK] tokens increased drastically, leading to a combinatorial explosion;
therefore, this method was excluded from the current evaluation. As shown in table 4,
the proposed method successfully corrected 64.7% of the input sentences, demonstrat-
ing a 7.2-point improvement over the performance of the Bi-GRU model. However,
in terms of correct sentence recovery rate, the proposed method exhibited a 4% lower
performance.

6 Discussion

This section presents the analysis and discussion of the results. Section 6.1 discusses
the effectiveness of the proposed method, and Section 6.2 addresses the remaining
challenges.

6.1 Effectiveness of the proposed method

In this section, we discuss the effectiveness and advantages of the proposed method.
For error detection, the method achieved[A34.1] higher accuracy and precision than
the comparison methods. This improvement is attributed to the ensemble strategy,
which integrates the contextual judgment of the Bi-GRU model with the determin-
istic matching of the dictionary—based method. The Bi-GRU model is sensitive to
low—frequency words and proper nouns, often resulting in an increased number of false
detections, whereas dictionary—based methods tend to misclassify unknown words that
are not registered in the dictionary. By combining these two approaches, false detec-
tions generated by one method can be filtered by the other, thereby reducing the
overall number of false detections. This complementary error—suppression mechanism
enhances the reliability of error detection and contributes to the higher accuracy and
precision of the proposed method.

Method |Output Excerpt Result
Bi-GRU-only method ...UM &k 2 5 BUHE(L L =2 T & |Over-detection (FP)
BEETHD, on jukugo “#75".
Ensemble method LDWIE B BME( LA B T & |FP suppressed,
IFEBTH D, while true error is kept.

Fig. 4 Detection results of using Bi-GRU and our proposed method

Examples of the detection results are presented in Fig 4 and 5. Fig 4 compares
the detection results of the Bi-GRU model with those of the proposed method.
In the figure, recognition errors are highlighted in bold, and detected locations are
underlined. The standalone Bi-GRU approach identifies recognition errors and[A35.1]
incorrectly identifies correctly recognized words as erroneous. In contrast, the pro-
posed method successfully detected error locations while suppressing false positives,

12



Method Output Excerpt Result
Dictionary-only method |...E[EICFED TEFT 5 DA, Over-detection (FP)

A FNILR Y, on jukugo "B EE".
Ensemble method LEBEICHROTERT 209 FP suppressed

AT NIEE Y,

Fig. 5 Detection results of the dictionary—based and proposed method

as the dictionary—based component rejected correctly recognized words. Fig 5 com-
pares the detection results of the dictionary—based method with those of the proposed
method. Although dictionary—based detection misclassifies correctly written jukugo as
errors, the proposed method effectively reduces false detections because the Bi-GRU
model filters out such misclassifications. These results demonstrate that the proposed
method achieves reduced false detections by the complementary use of both contextual
and dictionary matching information compared with single-method approaches.

Table 5 Correction success rate by
detection type [%)].

Detection type  Correction success rate

Perfect match 91.4
Over—detection 15.2
Incorrect 18.4

A key factor contributing to the improved error correction accuracy is that more
target error locations were detected as exact matches during the error—detection stage.
Table 5 lists the correction success rates by detection type for the proposed method.
Exact matching enables the precise identification of error locations without omission or
over—detection, clearly defines correction targets, and reduces unnecessary candidate
generation. Consequently, the correction success rate exceeded 90% when the exact
matches were achieved. In contrast, over—detection and incorrect cases involved detec-
tion ranges that encompassed partial or multiple components of jukugo or included
correctly recognized words. In such cases, the original string information is partially or
fully masked, disrupting the contextual reasoning capabilities of the correction model.
This often leads to incorrect correction candidates that fail to maintain contextual
consistency, resulting in an accuracy of less than 20%. The proposed method achieved
a higher proportion of exact matches than the comparison methods, thereby enabling
more appropriate selection of correction candidates and contributing to improved
correction accuracy.

6.2 Issues

Although the proposed method improved the error detection performance and conse-
quently contributed to a higher error correction accuracy, several limitations remain.
The proposed method exhibited reduced recall during error detection, in some cases,

13



both error correction and restoration of the correct text failed. The following sub-
sections discuss the causes of these issues and outline possible directions for future
research. First, we discuss the decrease in the recall. The proposed method sup-
presses overdetection by identifying only those locations identified as errors by both
the Bi-GRU model and the dictionary—based method. However, this strategy excludes
errors detectable by only one of the two methods, resulting in an increased number
of missed detections, and consequently, lower recall. This reflects the tradeoff between
improving precision and maintaining recall. As reducing missed detections remains
an important challenge, future studies should explore more flexible detection criteria,
such as dynamically adjusting dictionary—based decisions according to the Bi-GRU
model confidence score, to maintain recall while suppressing false detections. Next,
we discuss the causes of failure in error correction and restoration of correct text.
Analysis of unsuccessful cases revealed two major factors.

The first factor was the presence of words that were neither registered in the
dictionary nor frequently observed in training data. Although the proposed method
substantially reduced false detections, errors still occurred for such low—frequency
words because both the Bi-GRU model and dictionary—based method lacked sufficient
knowledge.

The second factor was the mismatch between the actual error location and the
detected range. As shown in the previous section, such mismatches directly reduce cor-
rection success because the correction model receives an incorrect correction target.
Furthermore, although the proposed method successfully reduced the over—detection
of correct text, it resulted in a lower recovery rate for the correct text. Because the
same correction model was applied to both the proposed and comparison methods,
this difference is attributable not to the correction model itself but to the character-
istics of the input passed to the correction stage. The proposed method effectively
suppresses unnecessary detections of ordinary correct text, leaving primarily difficult
cases, such as contextually ambiguous sentences and low—frequency words, including
proper nouns, as correction targets. Because these cases are inherently more challeng-
ing for the correction model to restore correctly, the recovery rate of the correct text
decreases. In addition to expanding the training data and dictionary, the introduc-
tion of an error detection method capable of identifying error locations more precisely
is expected to further improve both the detection and correction performances.

7 Conclusion

In this study, we propose a recognition error detection method based on an ensemble
of probabilistic detection methods using a Bi-GRU model, a deterministic detection
method using a dictionary, and a recognition error correction method using BERT.
Existing OCR systems do not achieve sufficient accuracy for early modern Japanese
books. Although OCR methods specialized for early modern Japanese books have been
proposed, their recognition accuracy remains imperfect. Therefore, recognition error
detection and correction are required for text data after character recognition. The
proposed method comprises two stages: recognition error detection and correction.
The experimental results demonstrate that the proposed method achieves a higher

14



detection performance than single-model approaches and contributes to improved
accuracy in the subsequent recognition error correction stage.
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