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Problem Statement

 Japanese alphabet uses kaniji: (time)
represent words or concepts

* Given a written sentence using kaniji,
can we recognize the characters and (high)

convert the sentence into digital text?
 Useful for digitization of books, documents.

(country)
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The Dataset: ETL9B

il e i
Training Samples Kanji Classes Samples per Class Image Resolution (px)
» Japanese sentences can also have “ e %‘z
phonetic characters and punctuation: ‘1
Need synthetic data for those (see
zram i\ IX ;

. 3112 Total Classes /fEP —L)’Q @%/ﬁ e
i K
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Recognizing Single Characters

Input:
64x63x1

e Convolutional Neural Network Conv2D + BatchNorm + MaxPool:

» 3x Convolutional Layers (3x3 kernel) 32x31x64

* BatchNorm tO ?tablll.ze. t.ralnln.g & Conv2D + BatchNorm + MaxPool:
reduce sensitivity to initial weights 16x15x128

« MaxPooling to downsample spatial dimensions
Conv2D + BatchNorm + MaxPool:

« Softmax to obtain probabilities 8x7x256

Flatten Dense + Dropout (0.3):
« Parameters: 18,242,344 1024

Softmax Output:

3112 Classes
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Training Setup

 Stratified 80/10/10 Training/Validation/Testing split
« Loss: Sparse Categorical Cross Entropy

* Optimizer: Adam

« Batch Size: 32

« Max Epochs: 50

« Google Colab Pro — NVIDIA GPU (~50 minutes)
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Training Performance + Classification Accuracy

~97%

Top-1 Test Accuracy

Sparse Categorical Cross-Entropy Loss

- Train Loss
—— Val Loss
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Character Confusion Pairs

= ]
E‘ — / —l Structural

Three enclosure variants with near-identical stroke
count and structure — differ only in whether and where
the enclosure is open

EE I EIQ Structural

Top and bottom horizontal strokes switch relative
length — the meaning (end vs not yet) flips with a
single stroke proportion

H — H

One extra horizontal stroke inside the box separates sun

Resolution

from eye — often indistinguishable in compressed images

R — K
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s
et

Resolution

Small length difference on the top horizontal stroke.
At 64x63px resolution this distinction nearly vanishes

Single Stroke

A single dot added to X (big) creates X (dog) — easily
lost in noisy or quickly-written strokes

A — A

Stroke angle difference only — diverging vs
converging, nearly identical at training resolution and in
handwriting

Resolution
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Processing Full Sentences

Grayscale Load Otsu Binarization
1 Read image as 8-bit aravscale Automatic global threshold — separates ink from
9 gray paper without manual tuning of the threshold value
Histogram Projection Line Detection
3 Sum ink pixels along rows (horizontal) or columns Peaks.in the row/col projection — line boundi.ng
. . . . bands; merge gap parameter fuses nearby active
(vertical) depending on text orientation bands
Character Detection Classify Segments
For each line strip, project again to find individual Crop each bounding box, resize to 63x64px, pass

character bounding boxes through CNN — top-5 probabilities
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Image Loading

« Images are loaded as 8-bit grayscale and converted to inverted binary

Images
TUXBFBRIEXICBW.XFZ L ERAFBIIEICHWV.XFEE L
DETA, FLTZEISEAEE DSTA, FiTZ2EISEALE

HTREZTO>T W, BFERA

DRRLHUBEZARELTED,
MEBESAFRELCEGRLTFET S, MBEZAELBHELEET S,

M_CﬁgE’Eﬁ‘J-C\,\TCO El?tﬁ% Binarization
DEIFEMEBEZZARELTED,

9
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Segmentation

 Individual characters are identified using a 1D histogram projection along
each axis

Line Segmentation Character Segmentation

TREFERREXCHEV. XFEL TRAFEREXICHW.XFEL

DESTA, FLTEEISEANEE
HTREEITHOTW:, BFEREA
DRBELMBEZENRELTHED,
REZAELEBELEET 5
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CNN Character Classification
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Individual Character CNN Classification
Segmentation

DE

TRBAE NI, BFEL
META, FLTEENLE~NEHE
TR ZTE T, EFERA

« CNN still misclassifies some characters

EIg LM EE ZATIR & L TH[E.

HESTRLGERLHEET 5.

« We need to add context for more robust character classification

11
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BERT Comes To Help

« Context resolves ambiguity that pixel- _
level features cannot Masked Language Modeling

 CL-Tohoku is a Character-level Japanese
BERT pretrained on large Japanese
corpora using Masked Language & A
Modeling (MLM)

« Japanese has no spaces, so a character-
level model avoids tokenization errors

entirely . = % =]

*  Which kanji and kana naturally appear
together in real Japanese text is exactly
what is needed to disambiguate visually
similar characters.
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Reranking algorithm

Assemble initial sequence

CNN Top-5 per char

Take CNN top-1for each position - form a complete sentence guess

For each position pos

Substitute position pos with [MASK] token, keeping all other positions [MASK] substitution
fixed

Run BERT forward pass

Feed masked sentence to BERT = softmax logits over full vocabulary at

[MASK] BERT logits - softmax

Score each CNN candidate

For each of the top-5 CNN candidates at pos, look up its BERT
probability
a-CNN + (1-a)-BERT

Fuse scores

final score=ax CNN_prob+(1-a) x BERT prob witha=0.6

Best character selected

Select winner

Character with highestfused score replaces CNN top-1 at this position




.? UNIVERSITY OF COPENHAGEN Matthew Geever, Salvador Palma, Thomas Buttigieg, Tiago Melo 09/06/2026 14

End-to-End Pipeline

Input Otsu
Image Binarization

Histogram CNN BERT Output
Projection Classifier Reranking Text

lines + chars top-5 per char context correction transcription

photo / scan ink / paper split

T Synthetic data extends CNN
to 3,112 classes
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Results: Digital

I

TTXRBEXEBREXICHW.XFZ L
DETA, FLTZENSENEE
HTREZTHO>TW:, BEFEERA
DEIFELMEBZZIRELTED,
BEZARLEAXRLEFEET %,

CNN output BERT corrected
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TTEBREBITEXIHML., XF2x £
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Results: Printed_ﬁ_ook

CNN output

Urge. BUOZICEXAER .

LA LIEBFIE: S EBEH TS, MREEZSARET
LoD,

S EYOBEMEIRVARY L. £
M RBOKRDTL BEAABLDRESGE M h T L2
nLTWi-,

BERT corrected

Uh &, BOZIZEEIE - 1=,

LALEFIEHHERZHITT. ABEZSAIE-ST
gﬁ Lo/j\(j't__o

ST ZBYDEMEIZTODARY E57-L, E2HH
NBOK> TL BRAINRBRLDOREGRA M-I T-L1E
HLTW=,
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Results: Handwritten

BL3R7 Hrts. Bxresn
“7%uHL B2, Z2EIEML CGRELY 3.
=N
Lo 72y,

RICZLTWA?
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Results for Different Methods

Pipeline Mean accuracy
Histogram + CNN 78.3%
Histogram + CNN + BERT 89.2%
OpenCV + CNN 55.0%
OpenCV + CNN + BERT 60.6%

We tried these different pipelines on text book text
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Limitations

Segmentation parameter sensitivity

LINE_INK_THRESHOLD, LINE_MERGE_GAP, CHAR_MERGE_GAP, MAX_FATNESS and MAX_THINNESS all require manual tuning per image type (dgital, printed,
handwritten). A single parameter set rarely generalizes across all three — this is the biggest practical barrier to robust deployment.

ETL9B is handwriting-only = digital font gap

The CNN was trained exclusively on handwritten kanji. Clean digital fonts have different stroke weight distributions and glyph proportions. Some printed or
digital characters fall outside the training distribution, causing reduced accuracy on those specific glyphs.

Font-rendered synthetic data # handwritten katakana

Katakana and punctuation were added via font rendering with augmentation, but this doesn't capture the full natural variation of handwritten katakana. The
model is noticeably weaker on hand-drawn katakana compared to kanji of similar complexity.

I BERT struggles with short sentences

The reranking relies on surrounding context. A sentence of 3-5 characters provides very little context for BERT to work with — the masked position has almost
no neighbors to condition on, reducing the benefit of reranking.

Author-specific or archaic writing styles

Literary Japanese often uses rare kanji readings, unconventional compounds, or archaic character forms not well-represented in either ETL9B or BERT's
pretraining corpus. Both the CNN and BERT can fail on stylistically unusual text (e.g. classical literature, poetry, or authors with distinctive handwriting).
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Future Directions

- Contour/border-based character detection - Expanded punctuation & symbol coverage

Replace histogram projection with connected component analysis — find Currently covers 6 punctuation marks. Full Japanese text also uses ~. ...,
ink blobs directly and fit bounding boxes around them. Less sensitive to () . [] and many others. Extending synthetic generation to cover all
spacing assumptions and potentially more robust to overlapping strokes. common symbols would improve sentence-level coverage.

- Handwritten katakana training data - Automatic parameter tuning for segmentation

Collect or source real handwritten katakana samples (similar to ETL9B's Train a small classifier to predict optimal segmentation hyperparameters
methodology) to close the gap between font-rendered synthetic data and (threshold, merge gap) from image statistics — eliminating manual per-
natural katakana handwriting variation. image tuning and enabling more robust batch processing.

- Automatic rotation correction - Distortion & perspective correction

Before segmentation, detect and correct page skew using Hough line Phone photos of books introduce keystone distortion. Applying

transform or principal component analysis on ink pixels. This would make homography correction (four-corner detection = warp) prior to Otsu

the histogram projection far more reliable without parameter re-tuning. binarization would handle real-world capture conditions.
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APPENDIX
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Synthetic Character Generation

« ETL9B is a kanji-only dataset. A Japanese sentence also has phonetic
characters (katakana) & punctuation: an added 76 characters.

 We generate using 6 different Japanese fonts.

e For each character:
o Pick random font
o Render using PIL

o Add rotation + translation to simulate handwriting:
= Rotation: between -5, +5 degrees
= Translation: between -2, +2 pixels in each direction

o Repeat 206 times
« Adds zero labeling cost
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CNN Training

« Alongside the previously shown training setup, we also use:

o LR Scheduler: ReduceLROnPlateau(patience=3, factor=0.2)
This reduces the learning rate by a factor of 5 whenever we do not see any
improvements for 3 consecutive epochs.

o Early Stopping: monitor validation loss with patience=5, restoring best weights.
Prevents overfitting without manual epoch tuning across 3112 classes.

23
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Super Confusion Matrix (3112 Kanji Classes)

Confusion Matrix

True Class

Predicted Class
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Top 10 Most Confused Kanji

Z | Z|Count:6  #R|## | Count: 3
T | ¥ | Count: 5 {8 | {# | Count: 3
E| B |Count:4 Bk |BK|Count: 3
| B | Count:4 £ | % | Count: 3
B |7 |Count:4 J&|E|Count: 3
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Segmentation Hyperparameters

Sensitivity Impact

LINE_INK_THRESHOLD

Fraction of max row ink required to mark a row as 'active’. Too low = noise lines. Too high = missed characters.

LINE_MERGE_GAP

Max gap in pixels between active rows before splitting into two separate text lines. Critical for line spacing variation.

CHAR_INK_THRESHOLD

Same as LINE threshold but applied column-wise within each line strip to detect individual character boundaries.

CHAR_MERGE_GAP

Max column gap before splittinginto separate characters. Too small = one character split in two. Too large = two characters merged.

MAX_FATNESS

Aspect ratio upper bound — rejects segments too wide to be a single character (merged strokes or noise blobs).

MAX_THINNESS

Aspect ratio lower bound — rejects segments too narrow to be a full character (partial strokes or punctuation remnants).
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Minimizable Characters

Certain katakana have "minimized" variants that are distinct characters but visually identical

D — o £ — & P — P - P

Yooy 94 — 3 q1 — vV - ¥

When the CNN outputs a full-size character, but the bounding box is significantly smaller than the
median character size for that line, the system checks the MINIMIZABLE_CHARACTERS map and
considers the small variant as an additional candidate before passing to BERT.
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