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Abstract

Kuzushiji was one of the most widely used cursive writ-
ing systems in pre-modern Japan. Due to its highly cur-
sive forms and extensive glyph variations, most modern
Japanese readers are unable to read Kuzushiji characters.
Consequently, recent studies have focused on developing
automated Kuzushiji character recognition (KCR) methods,
which have achieved strong performance on relatively clean
Japanese historical document images. Although seals fre-
quently appear in Japanese historical documents, existing
methods often fail to maintain recognition accuracy un-
der seal interference, particularly when seals overlap with
characters. To address this challenge, we propose a seal-
robust KCR framework. Based on character detection, clas-
sification, and ordering, the proposed framework addition-
ally incorporates document restoration to mitigate seal in-
terference, thereby improving overall recognition perfor-
mance. In addition, we introduce a novel synthetic data
augmentation strategy to enhance the performance of char-
acter detection models. We further correct annotation er-
rors, reconstruct the dataset, and create a synthetic test set
to simulate severe seal interference. Experimental results
demonstrate the effectiveness of the proposed framework in
mitigating the impact of seal interference on KCR. Com-
pared with a conventional baseline and NDLkotenOCR, it
achieves relative character error rate (CER) reductions of
39.7% and 5.9%, respectively, on the real test set, and
50.1% and 41.7%, respectively, on the synthetic test set.

1. Introduction
Kuzushiji (くずし字), a traditional cursive writing sys-
tem widely used in pre-modern Japan, is found extensively
in Japanese historical documents. Although it shares the
same underlying character system as modern Japanese, in-
cluding Kanji (漢字, Chinese-origin logographic charac-
ters) and Kana (仮名, Japanese syllabaries), its character
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forms differ substantially from their modern counterparts.
Furthermore, Kuzushiji encompasses multiple cursive writ-
ing conventions and numerous variant forms of both Kanji
and Kana [23]. Following the Meiji Restoration, the adop-
tion of modern printing technologies and the establishment
of modern educational systems led to a decline in the use
of Kuzushiji [9]. As a result, most modern Japanese readers
are unable to read historical documents written in Kuzushiji,
and only a limited number of trained specialists can accu-
rately interpret them.

Recent advances in deep learning have enabled models
trained on expert-annotated datasets to automatically rec-
ognize Kuzushiji characters [5]. To date, several Kuzushiji
character recognition (KCR) methods have been developed
to assist the general public in interpreting Japanese histori-
cal documents, including Komonjo Camera [27], developed
by TOPPAN Inc.; miwo [4] and KuroNet [7, 16], developed
by the Center for Open Data in the Humanities (CODH);
NDLkotenOCR [21] and NDLkotenOCR-Lite [1], devel-
oped by the National Diet Library (NDL).

Japanese historical documents frequently contain seals
that serve as marks of ownership, identity, and provenance.
These seals were often stamped not only by the original cre-
ators of the documents but also by subsequent owners and
collectors. Typically rendered in red ink, they may contain
stylized characters representing the owners’ names, social
status, or personal aspirations. As a result, a single Japanese
historical document may contain multiple seals accumu-
lated over time, many of which partially overlap with the
original handwritten Kuzushiji characters.

From the perspective of KCR, seals pose a significant
challenge and can lead to recognition errors [12]. However,
none of the above KCR methods explicitly addresses seal
interference. To address this limitation, we propose Seal-
Robust KCR, a Kuzushiji character recognition framework
robust to seal interference in Japanese historical documents.

The main contributions of this work are as follows:
(a) We correct annotation errors in 1,000 Japanese historical

document images, reconstruct the dataset, and create a
synthetic test set to simulate severe seal interference.
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(b) We propose Seal-Robust KCR, which incorporates a
training-free document restoration algorithm to mitigate
seal interference and improve recognition accuracy.

(c) We introduce a synthetic data augmentation strategy for
training character detection models, improving detection
performance under severe seal interference without mod-
ifying the detector architecture.

(d) We develop a training-free character ordering algorithm
that achieves higher accuracy and faster inference speed
than the ordering method used in NDLkotenOCR.

2. Related Work
KCR methods can be broadly categorized into two types:
character-level and text line-level methods. In character-
level KCR methods, each single character is first detected
in Japanese historical document images and cropped into
separate patches. Each patch is then classified into a Uni-
code code point and transcribed into its corresponding mod-
ern Japanese character. The transcribed characters are sub-
sequently ordered to produce the final recognition result.
Representative methods include miwo [4], a mobile appli-
cation, and KuroNet [7, 16], a web-based application, both
developed by the CODH. Specifically, both employ U-Net-
based [24] semantic segmentation [6] for pixel-wise charac-
ter segmentation, followed by Unicode classification of the
segmented characters to produce the recognition result.

Another type of KCR is the text line-level method.
These methods first perform layout recognition to detect
all Kuzushiji text lines in Japanese historical document
images. The detected text lines are then recognized as
modern Japanese text, and the corresponding text lines are
subsequently ordered to produce the final recognition re-
sult. Representative methods include NDLkotenOCR [21],
a public optical character recognition (OCR) service for
Japanese historical documents introduced by the NDL in
2022, with updated versions released in 2023 and 2024.
Since NDLkotenOCR requires GPU acceleration during in-
ference, the NDL further introduced a lightweight variant,
NDLkotenOCR-Lite [1], to enable efficient processing in
CPU-only environments. Specifically, NDLkotenOCR em-
ploys Cascade Mask R-CNN [3] for layout recognition,
TrOCR [17] with RoBERTa-small [19] as the decoder for
text line recognition, and LightGBM [13] for text line or-
dering. In contrast, NDLkotenOCR-Lite uses RTMDet [20]
for layout recognition and PARSeq [2] for text line recogni-
tion while retaining the same text line ordering method.

In addition to the methods developed by research in-
stitutes, commercial KCR applications have also been in-
troduced by industry. For example, TOPPAN Inc. has
been developing KCR technologies since 2015. In 2023,
its Fuminoha project released a mobile application named
Komonjo Camera [27], which integrates two recognition
engines: Komonjo AI and Kotenseki AI. Komonjo AI is

designed for documents containing Kanji characters with
variable stroke widths, while Kotenseki AI is optimized for
documents primarily composed of Kana with relatively uni-
form stroke widths. Since the application is not open source
and no related technical reports or academic publications
have been released, the specific methods remain unclear.

Furthermore, several datasets and competitions for KCR,
as well as studies focusing on specific KCR sub-tasks,
have emerged in recent years. For example, in 2019, the
CODH released a Japanese historical document dataset and
organized the Kuzushiji Recognition competition on Kag-
gle [14], which attracted 338 participants. In addition,
Sakana AI introduced Metom [10] in 2025, a Vision Trans-
former (ViT)-based [8] classifier designed for recognizing
individual Kuzushiji characters. The pre-trained model was
trained on 649,932 character samples, validated on 216,644
samples, and evaluated on 216,645 samples, achieving a mi-
cro accuracy of 0.9722 and a macro accuracy of 0.8354.

Although the above methods achieve strong recognition
performance on relatively clean Japanese historical docu-
ment images, their recognition performance is often signif-
icantly affected by seal interference [12].

3. Proposed Method

3.1. Overall Framework
This work builds upon a character-level KCR pipeline. As
described in Section 2, the conventional character-level
KCR pipeline obtains the final recognition results through
Kuzushiji character detection, character classification, and
character ordering, as shown by the blue flow in Figure 1.

To mitigate the impact of seal interference on KCR, we
extend the conventional pipeline by incorporating document
restoration. Specifically, document restoration is performed
in parallel with Kuzushiji character detection using a color-
based thresholding algorithm to remove seal interference.
Since the restoration process is computationally lightweight
and requires less processing time than character detection, it
does not introduce additional latency to the overall pipeline.
The restored document image is then used in place of the
original image to crop character patches, after which char-
acter classification and character ordering are performed as
in the conventional pipeline. The overall pipeline of the
proposed framework is shown by the red flow in Figure 1.

3.2. Synthetic Data Augmentation
To enhance the robustness of detection models against seal
interference, we propose a synthetic data augmentation
(SDA) strategy that constructs additional training samples
with severe seal interference by randomly overlaying a large
number of red seals onto original historical document im-
ages. Specifically, the document images in the original
training set typically contain only 0 to 2 real seals, mak-

2



Figure 1. Conventional pipeline (blue flow) and the proposed pipeline (red flow) for seal-interfered Japanese historical document images.
Dashed arrows indicate additional processes performed in parallel with character detection without affecting the detection results.

ing it difficult to adequately simulate complex overlap sce-
narios between characters and seals. Therefore, additional
synthetic training samples with severe seal interference are
obtained using collected high-resolution seal images.

These seal images are collected from pre-modern East
Asian historical artifacts and primarily contain Kanji char-
acters and traditional decorative patterns. These synthetic
samples provide additional cases of character and seal over-
lap during training, enabling the detection model to learn
more robust character detection under seal interference.

For the detailed synthesis process, the seal images are
first processed to remove their backgrounds and then ran-
domly scaled, with the longest side constrained to between
100 and 300 pixels to simulate seals of varying sizes in
real historical documents. Since historical document lay-
outs vary across images, the valid document region is deter-
mined individually for each document based on its layout.
To prevent seals from extending beyond this region, their
placement is restricted to a rectangular area corresponding
to the valid document region. For each newly synthesized
seal position, the overlap between seals is constrained to en-
sure that no more than two seals overlap at any location. Fi-
nally, the scaled transparent seals are overlaid onto the origi-
nal document images using alpha compositing. As shown in
Table 1, after applying the proposed SDA strategy, the train-
ing and validation sets increased from 800 to 1,600 images
and from 100 to 200 images, respectively. Each synthetic
image contains approximately 10 seal instances on average.

3.3. Kuzushiji Character Detection
This work employs real-time object detection models to de-
tect individual Kuzushiji character regions in historical doc-
ument images. Dense character arrangements and complex
handwriting styles in Japanese historical documents pose
several challenges for character detection, including missed
detections, duplicate detections of partial character regions,
and false positives caused by document stains. Under seal

Table 1. Statistics of the dataset splits and the proposed SDA strat-
egy, where Avg. S/P denotes the average number of seals per page.

Set Real Synthetic Total
Pages#Pages Avg. S/P #Pages Avg. S/P

Train 800 0–2 800 ≈10 1,600
Validation 100 0–2 100 ≈10 200
Real Test 100 0–2 – – 100
Synth. Test – – 100 ≈10 100

interference, the issue becomes even more challenging, as
seals contain engraved Kanji characters that closely resem-
ble Kuzushiji characters, causing the models to mistakenly
detect them as the valid characters.

During inference, the detection model outputs bound-
ing boxes corresponding to Kuzushiji characters along with
their confidence scores. In documents containing degraded
backgrounds or noise interference, stains may be mistak-
enly detected as Kuzushiji characters with extremely low
confidence scores (e.g., 0.001), as shown in Figure 2. Fur-
thermore, characters with elongated strokes or highly cur-
sive handwriting may be detected multiple times as separate
instances, as shown by the two rightmost examples in Fig-
ure 2. The confidence scores of these duplicate detections,
which typically correspond to partial character regions, are
generally below 0.1. Therefore, to improve the reliability of
the detection results, only bounding boxes with confidence
scores higher than 0.1 are retained, improving the likelihood
that each bounding box corresponds to a character instance.

3.4. Kuzushiji Document Restoration
To mitigate interference caused by red seals, we propose
a training-free, color-based thresholding algorithm for doc-
ument restoration. Given an input document image I ∈
RH×W×3, let R, G, and B denote the RGB (red, green, and
blue) channel intensities at each pixel. Since seal regions
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Figure 2. The top row shows low-confidence bounding boxes produced by the detection model. Stains in Japanese historical documents
may cause false positives, resulting in background noise being mistakenly detected as Kuzushiji characters with confidence scores as low
as 0.001. The bottom row shows the detection results with a confidence threshold of 0.1, which effectively removes most false positives.

typically exhibit stronger responses in the red channel than
in the green and blue channels, they are detected using a
channel-ratio-based thresholding rule. Specifically, a pixel
is classified as a red seal candidate if it satisfies:

(R ≥ τr) ∧ (R ≥ τrg ·G) ∧ (R ≥ τrb ·B), (1)

where τr denotes the minimum red channel intensity thresh-
old, while τrg and τrb control the dominance of the red
channel over the green and blue channels, respectively. This
rule helps suppress false positives caused by non-seal red-
dish regions while preserving most seal candidate pixels.

The resulting binary mask M is further refined using
morphological dilation to slightly expand the detected seal
boundaries and compensate for color bleeding around seal
edges. In this work, a 3 × 3 square kernel with a single di-
lation iteration is used by default. The detected seal regions
are subsequently removed through image inpainting:

Irestored = Inpaint(I,M, ρ), (2)

where ρ denotes the inpainting radius. We adopt Telea’s
fast marching-based image inpainting method [25], which
efficiently propagates surrounding image structures into the
masked regions and is well suited for lightweight document
restoration without requiring additional training.

3.5. Kuzushiji Character Cropping
After Kuzushiji character detection and document restora-
tion, character-level cropping is performed based on the
predicted bounding boxes for subsequent single-character
classification. Specifically, the top-left coordinates (x, y),
width w, and height h of each predicted bounding box are
used to locate the corresponding spatially aligned region in
the restored document image. The corresponding character
region is then cropped from the restored document image
and used as input for character classification.

3.6. Kuzushiji Character Classification
Character classification is performed for each cropped char-
acter patch. Given the complex handwriting styles, large
number of character categories, and various challenges in
historical documents, including degradation, blurring, and
seal interference, we directly employ the pre-trained Metom
model [10] as the character classifier. This model is capable
of classifying 2,703 categories of Kuzushiji characters and
provides strong feature representation capabilities.

However, the original implementation of Metom sup-
ports only single-image inference. To improve inference
efficiency, we extend the implementation to support batch
inference for character classification. In addition, the Scaled
Dot-Product Attention (SDPA) [28] acceleration mecha-
nism is enabled to increase the throughput of large-scale
character classification. Finally, the Top-5 candidate char-
acters are retained for each input patch, while the Top-1 pre-
diction is used as the final classification result.

3.7. Kuzushiji Character Ordering
We propose an efficient training-free Kuzushiji character
ordering algorithm, as detailed in Algorithm 1 and illus-
trated in Figure 7. Since the ordering process relies on the
spatial positions of characters, the algorithm takes the pre-
dicted bounding box information of each character as input,
including xi, yi, wi, and hi, while the predicted character
label ĉi is used only to produce the final text output.

First, the column list C is initialized, and the center co-
ordinates (cxi, cyi) of each character are computed from
its bounding box. The column-center x-coordinate cxcol

j is
maintained to represent the horizontal position of the j-th
column. The characters are then ordered in descending or-
der of cxi and processed sequentially from right to left.

To determine whether a character belongs to an existing
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Algorithm 1 Proposed character ordering algorithm

Require: Predictions {xi, yi, wi, hi, ĉi}Ni=1, λ = 0.8
Ensure: Ordered text T

1: C ← [ ], cxi ← xi +
wi

2 , cyi ← yi +
hi

2

2: R ← sort({1, . . . , N}, cxi, ↓), τ ← λ · 1
N

∑N
i=1 wi

3: for i ∈ R do
4: if C = ∅ then
5: C ← C ++ [{i}], cxcol

1 ← cxi

6: else
7: j∗ ← argmin1≤j≤|C| |cxi − cxcol

j |
8: if |cxi − cxcol

j∗ | ≤ τ then
9: Cj∗ ← Cj∗ ∪ {i}

10: cxcol
j∗ ← median({cxk | k ∈ Cj∗})

11: else
12: C ← C ++ [{i}], cxcol

|C| ← cxi

13: end if
14: end if
15: end for
16: T ← ConcatCj∈C

(
ĉk | k ∈ sort(Cj , cyk, ↑)

)
17: return T

column, the threshold τ is computed as λ times the aver-
age predicted character width, where λ = 0.8. When pro-
cessing each character, if no column has been established, a
new column is created and its center x-coordinate is initial-
ized to the character cxi. Otherwise, the algorithm identifies
the column whose center is closest to the current character
along the x-axis and computes the corresponding horizontal
distance. If this distance does not exceed τ , the character
is assigned to that column, and the column-center cxcol

j is
updated as the median of all cxi values within the column.
Otherwise, a new column is appended to the column list,
and its center x-coordinate is initialized to the character cxi.

After all characters have been assigned to columns, the
characters within each column are ordered in ascending
order of cyi, thereby arranging them from top to bottom.
Since new columns are appended to C while characters are
processed in descending order of cxi, the column list nat-
urally preserves the right-to-left reading order, eliminating
the need for additional column ordering. Finally, the pre-
dicted character labels ĉi are concatenated according to the
column order and the character order within each column to
produce the final text output T .

4. Experiments
4.1. Dataset Correction and Reconstruction
We collected 1,000 publicly available Japanese histori-
cal document images from 13 different Japanese historical
books provided by the CODH [22], covering a wide range
of writing styles, document layouts, and degradations. Ad-
ditional details of the dataset are provided in Section A of

Figure 3. Red and green bounding boxes indicate the annotations
newly added in this work and existing annotations, respectively.

the supplementary materials. To further improve the quality
and reliability of the dataset, we systematically re-examined
the annotations of all 1,000 images. The results revealed
that 267 document images contained missing annotations.
Therefore, we manually added the missing character bound-
ing boxes with the assistance of a Kuzushiji expert.

As shown in Figure 3, the red bounding boxes indicate
the additional annotations added in this work, while the
green bounding boxes represent the annotations originally
included in the dataset. After correcting the annotation er-
rors, we reconstructed the dataset. Specifically, the 1,000
images were randomly divided into training, validation, and
test sets with a ratio of 8:1:1. The statistics of the recon-
structed dataset are presented in Table 1.

4.2. Synthetic Test Set Construction
To evaluate robustness under severe seal interference, we
constructed a synthetic test set from the real test set using
high-resolution seal images distinct from those used in the
SDA strategy. Examples are shown in Figure 4. Following
the synthesis process described in [12], we overlaid 10 seal
instances onto each document image while restricting seal
overlap to at most two seals, as summarized in Table 1.

4.3. Evaluation Metrics
This work conducts both stage-wise and end-to-end evalua-
tions of KCR. For Kuzushiji character detection, we employ
standard object detection metrics [18], including the num-
ber of model parameters (Params), floating point operations
(FLOPs), precision (P), recall (R), average precision at an
IoU threshold of 0.50 (AP50), and mean average precision
over IoU thresholds ranging from 0.50 to 0.95 (AP50:95).
For document restoration, we use image quality metrics, in-
cluding peak signal-to-noise ratio (PSNR, in dB) and struc-
tural similarity index measure (SSIM) [31]. For character
classification, we adopt standard image classification met-
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Figure 4. Seals in the top row are present in real historical docu-
ments, while those in the bottom row are synthetically overlaid.

rics [15], including Top-1 and Top-5 accuracy. For charac-
ter ordering and end-to-end KCR, we use the character error
rate (CER), a widely adopted evaluation metric in OCR. In
addition, the inference speed (Speed) is measured in frames
per second (FPS) for all evaluations.

4.4. Implementation Details
All experiments were conducted on Ubuntu systems
equipped with an Intel Core i5-11600K CPU and either
an NVIDIA RTX PRO 6000 Blackwell Max-Q GPU (96
GB) or an NVIDIA RTX A5000 GPU (24 GB). Specifically,
training was performed on RTX PRO 6000, stage-wise eval-
uation was conducted on both GPUs, and end-to-end KCR
evaluation was performed on RTX A5000. During infer-
ence, character detection and classification were executed
on the GPU, while document restoration, character crop-
ping, and character ordering were performed on the CPU.

For character detection, all models were trained for 1,000
epochs with a batch size of 16 and an input resolution of
640 × 640 pixels. Stochastic Gradient Descent (SGD) was
used as the optimizer with an initial learning rate of 0.01.
For document restoration, parameter analyses are provided
in Section B of the supplementary materials. The selected
parameters were τr = 90, (τrg, τrb) = (1.3, 1.3), and the
inpainting radius ρ = 3. In addition, document restoration
was executed on the CPU with up to six parallel workers.
For character classification, inference was performed with a
batch size of 1,280. For character ordering, analyses of dif-
ferent threshold scales λ and column-center update strate-
gies are provided in Section C of the supplementary ma-
terials. The selected configuration used λ = 0.8 and the
median as the column-center update strategy.

4.5. Kuzushiji Character Detection
We trained several state-of-the-art real-time object detectors
with and without the proposed SDA strategy, and the results

Figure 5. Qualitative comparison between the original historical
document images (top row) and the restored results of synthetic
historical document images (bottom row) by our proposed method.

are presented in Table 2. Since the SDA strategy only in-
creases the amount of training data without modifying the
model architecture, models trained with the SDA strategy
retain the same Params and FLOPs as their counterparts
trained without the SDA strategy, while maintaining com-
parable inference speeds in terms of FPS. The experimental
results show that, for the same model architecture, the SDA
strategy improves performance across all evaluation met-
rics, including P, R, AP50, and AP50:95. Among all eval-
uated models, YOLO11-L trained with the SDA strategy
achieved the best overall performance and was therefore se-
lected as the character detector in the proposed framework.

Notably, the SDA strategy doubles the amount of train-
ing data, resulting in a longer training time per epoch, as re-
flected by T/E in Table 2. However, models trained with the
SDA strategy generally achieve their best performance at
earlier epochs. Therefore, the additional training overhead
introduced by the SDA strategy can be partially mitigated
in practice through the use of an early stopping mechanism.

4.6. Kuzushiji Character Classification
To evaluate the effectiveness of document restoration for
character classification, we conducted an ablation study.
To ensure a fair comparison, all ablation experiments were
based on bounding boxes detected by the YOLO11-L model
trained with the SDA strategy. Specifically, the baseline
method employed Metom [10] to classify character patches
cropped from the original document images, while the pro-
posed method first restored the document images and then
classified character patches cropped from the restored im-
ages using the same classifier. A qualitative comparison
between the original and restored document images is pre-
sented in Figure 5. Additional qualitative results are pro-
vided in Section D of the supplementary materials.

The quantitative results of the ablation study are reported
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Table 2. Quantitative comparison of different detectors for Kuzushiji character detection. The average training time per epoch (T/E) was
measured on an NVIDIA RTX PRO 6000 Blackwell GPU (96 GB), while Epoch indicates the epoch achieving the best performance.

Method Efficiency Real Test Set Synthetic Test Set

Params FLOPs Epoch T/E Speed P R AP50 AP50:95 P R AP50 AP50:95

RT-DETR-R50 [32] 41.94M 125.6G 988 30.06 11.76 93.6 90.3 94.3 70.1 91.1 85.0 90.8 65.2
+ SDA (Ours) 41.94M 125.6G 736 56.13 11.74 96.3 93.1 95.6 70.5 95.6 92.2 95.0 68.4

YOLOv9-C [30] 25.32M 102.3G 621 10.97 10.72 97.8 93.3 96.5 82.6 95.8 88.0 93.8 77.8
+ SDA (Ours) 25.32M 102.3G 406 19.35 10.45 97.8 93.7 96.5 82.9 97.7 93.1 96.4 81.7

YOLOv10-L [29] 25.77M 127.2G 781 12.60 11.03 98.0 92.0 96.3 82.5 95.7 87.2 93.6 77.5
+ SDA (Ours) 25.77M 127.2G 415 23.87 11.05 98.3 92.7 96.5 83.1 98.0 92.4 96.4 81.8

YOLO11-L [11] 25.28M 86.6G 549 10.89 10.52 97.9 92.9 96.4 83.0 95.8 87.7 93.7 78.1
+ SDA (Ours) 25.28M 86.6G 440 18.81 10.52 98.0 93.5 96.5 83.3 97.6 93.1 96.4 82.1

YOLOv12-L [26] 26.39M 82.1G 909 16.86 10.53 97.4 93.4 96.4 82.7 95.5 87.7 93.7 77.6
+ SDA (Ours) 26.39M 82.1G 408 31.69 10.38 97.5 93.6 96.5 83.2 97.5 92.8 96.3 81.9

Table 3. Ablation of document restoration for character classifica-
tion on the synthetic test set. Speed@A and Speed@P represent
the inference speeds on A5000 and PRO 6000 GPUs, respectively.

Method Top-1 Acc. Top-5 Acc. Speed@A Speed@P

Baseline 94.22 97.64 1.19 4.76
+ Rest. 95.66 98.62 1.19 4.76

in Table 3. Across 18,350 character patches detected on the
synthetic test set, the baseline achieved Top-1 and Top-5 ac-
curacy of 94.22% and 97.64%, respectively. After incorpo-
rating document restoration, the proposed method achieved
superior classification performance, improving Top-1 accu-
racy to 95.66% and Top-5 accuracy to 98.62%.

Since document restoration and character detection are
executed in parallel on the CPU and GPU, respectively, and
the restoration process requires less processing time than
detection, its execution is effectively hidden by detection.
As shown in Table 3, incorporating document restoration
does not introduce additional latency to classification.

4.7. Kuzushiji Character Ordering
Among existing methods, only NDLkotenOCR [21] explic-
itly reports the use of LightGBM [13] for character ordering
in its Version 1 model, while the ordering strategies adopted
by other methods are not described in detail. Therefore, we
selected LightGBM as the baseline for quantitative compar-
ison with the proposed method. To ensure a fair compari-
son, both methods performed character ordering using the
same character classification results obtained by the pro-
posed method in Table 3. Since LightGBM requires super-
vised training, it was trained using all character annotations
provided by the CODH [22]. Both methods were evaluated
on a CPU, and the results are presented in Table 4.

Table 4. Quantitative comparison between the baseline and the
proposed methods for character ordering on the synthetic test set.

Method Training CER Speed@CPU

LightGBM [13] Yes 21.25 15.38
Ours No 13.67 419.27

Compared with the baseline, the proposed method is
training-free and achieves superior performance, reducing
the CER from 21.25% to 13.67% while increasing the in-
ference speed on the CPU from 15.38 FPS to 419.27 FPS.

4.8. Visualization
Figure 6 presents visualization results obtained by project-
ing the recognized modern Japanese characters onto the
original document images. We set the bounding boxes to
green and display the recognized characters at a font size
of 64 pixels, facilitating intuitive interpretation of Japanese
historical documents by the general public.

4.9. End-to-end KCR Evaluation
We compare the proposed method with the conventional
baseline and existing methods for end-to-end KCR. Since
miwo [4], KuroNet [7, 16], and Komonjo Camera [27] are
not open source, fair comparisons could not be conducted.
For NDLkotenOCR [21], we used the publicly released Ver-
sion 3 pre-trained model, which was trained on 28,134 im-
ages and 456,746 text lines. For NDLkotenOCR-Lite [1],
we also used the publicly released pre-trained model, which
was trained on 502,065 text lines. The conventional base-
line consists of the YOLO11-L model [11] trained without
the SDA strategy for character detection, pre-trained Metom
model [10] for character classification without document
restoration, and LightGBM [13] for character ordering.
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Figure 6. Visualization of the input images (top row) and the recognition results projected onto the corresponding images (bottom row).

Table 5. Quantitative comparison of different methods for end-
to-end KCR on an NVIDIA RTX A5000 GPU and an Intel Core
i5-11600K CPU. Mem. denotes peak GPU memory usage (GB).

Method Real Test Set Synth. Test Set

CER Speed Mem. CER Speed Mem.

NDL-Lite [1] 21.76 0.40 – 47.82 0.35 –
NDL [21] 12.73 0.51 7.52 23.43 0.37 16.20
Baseline 19.86 0.37 2.81 27.41 0.35 2.81
Ours 11.98 0.41 2.81 13.67 0.39 2.81

The quantitative results are presented in Table 5. Note
that the inference speed of NDLkotenOCR-Lite was mea-
sured on the CPU, while the other methods were evaluated
on the GPU. The proposed method achieved the lowest CER
on both the real and synthetic test sets, reaching 11.98%
and 13.67%, respectively. In terms of inference speed,
NDLkotenOCR [21] and the proposed method achieved the
highest speeds on the real and synthetic test sets, with 0.51
FPS and 0.39 FPS, respectively. Regarding GPU mem-
ory usage, the baseline and the proposed method require
only 2.81 GB of peak GPU memory, substantially less than
NDLkotenOCR, while NDLkotenOCR-Lite [1] did not con-
sume GPU memory. All methods exhibited lower inference
speeds on the synthetic test set due to the increased compu-
tational cost caused by more severe seal interference.

5. Discussion
One major factor causing the CER of the proposed method
to remain above 10% in end-to-end KCR is the presence
of a limited number of documents with complex layouts, in
which the content of a single page is divided into multiple
independent text blocks. As shown by the right example in
Figure 7, the proposed method (shown in green) performs
character ordering under a regular layout assumption, while

Figure 7. The left two examples show regular layouts where our
method correctly orders the characters, while the right example
presents a complex layout that leads to ordering errors.

the page contains two independent text blocks that should
be ordered separately (shown in blue). Such layouts are
relatively uncommon in Japanese historical documents and
exhibit little structural consistency, making them difficult to
process effectively using simple rule-based methods.

Nevertheless, the three rightmost examples in Figure 6
show that the visualization results can still assist users in
interpreting documents with complex layouts.

6. Conclusion
This work proposes Seal-Robust KCR, a robust Kuzushiji
character recognition framework for Japanese historical
documents affected by seal interference. Experimental re-
sults demonstrate that the proposed framework improves
recognition performance on the real and synthetic test sets.

Although this work was evaluated on a limited-scale
dataset, the results demonstrate the effectiveness and ro-
bustness of the proposed framework. In future work, we
plan to collect more high-quality data, further improve the
processing of complex layouts, and deploy the proposed
method through web and mobile applications for public use.
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