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Abstract

We introduce OJ4OCRMT, an Optical Char-
acter Recognition (OCR) dataset for Machine
Translation (MT). The dataset supports re-
search on automatic extraction, recognition,
and translation of text from document images.
The Official Journal of the European Union
(OJEU), is the official gazette for the EU. Tens
of thousands of pages of legislative acts and
regulatory notices are published annually, and
parallel translations are available in each of
the official languages. Due to its large size,
high degree of multilinguality, and carefully
produced human translations, the OJEU is a
singular resource for language processing re-
search. We have assembled a large collection of
parallel pages from the OJEU and have created
a dataset to support translation of document
images. In this work we introduce the dataset,
describe the design decisions which we under-
took, and report baseline performance figures
for the translation task. It is our hope that this
dataset will significantly add to the compar-
atively few resources presently available for
evaluating OCR-MT systems.

1 Introduction

Relatively few datasets exist for studying the trans-
lation of document images. The manual labor as-
sociated with obtaining suitable digital images and
producing high-quality transcriptions of the source
image and translations in the target language(s) is
an impediment. We survey some of the available
datasets in Table 1. Common limitations include be-
ing small in size, narrow in image types, restricted
to a few languages, and reliance on automatic gen-
eration of images or translations.

The Official Journal of the European Union
(OJEU) is available in digital form in the official
languages of the EU and it contains content going
© 2025 The authors. This article is licensed under a Creative

Commons 4.0 licence, no derivative works, attribution, CC-
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back decades. The OJEU is in the public domain,
and its quantity of data, high quality translations,
and large number of supported languages covering
three writing systems, make it an attractive source
for developing a open source dataset to support
translation of document images. The OJEU and re-
lated EU publications have previously been used as
corpora in the development and evaluation of lan-
guage technologies. For example, Koehn produced
parallel texts from transcripts of the European Par-
aliament (2005). Similarly, Steinberger and col-
leagues at the JRC have released parallel texts such
as JRC-Acquis (Steinberger et al., 2006) and DGT-
Acquis (Steinberger et al., 2012), and they even
foresaw the use of these collections for support-
ing OCR research (Steinberger et al., 2014).! Our
present focus is in the development of corpora to
support the evaluation of document image transla-
tion, which can be accomplished through pipelines
of OCR and MT systems, or through use of newly
available vision language models such as Claude
(Kim et al., 2025) or Pali Gemma (Steiner et al.,
2024).

In Section 2 we survey datasets for this task.
Section 3 describes the creation of OJ4OCRMT,
including the design choices we undertook and key
characteristics of the dataset. In Section 4 we de-
scribe our experimental setup. Finally, we present
and discuss our baseline results in Section 5.

2 Related Work

Datasets for OCR-MT can be classified by the type
of images used (see Table 1). First, several pio-
neering efforts rendered images from bilingual text
(bitext) corpora commonly used in text-based MT
research. For example, (Mansimov et al., 2020) cre-
ated images from German to English bitext in the
WMT dataset; (Ignat et al., 2022) created images

'To our knowledge, no OCR-specific resources have been
produced from these sources.
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[ Dataset | Image Type & Domain Translation Language & Script
MADCAT (Song et al., 2012) Handwritten documents Professional {ar, zh}—en
(Mansimov et al., 2020) Rendered from bitext: WMT Professional de—en
OCRAMT (Ignat et al., 2022) Rendered from bitext: Flores Professional 60 languages
IIMT (Tian et al., 2023) Rendered from bitext: WMT Professional de—en
OCRMT30K (Lan et al., 2023) | Natural Image, street signs Professional zh—en
Vistra (Salesky et al., 2024) Natural Image, street signs Professional en—{de, es, ru, zh}
MIT-10M (Li et al., 2025) Natural Image from web MT 14 languages, 8 scripts
CAMIO (Arrigo et al., 2022) Natural documents from web | - 35 languages, 24 scripts
DITrans (Zhang et al., 2023) Natural PDF: newspaper, ad Professional en—zh
DoTA (Liang et al., 2024) Natural PDF: scientific doc MT:train Pro:test | en—zh
OJ40OCRMT (this work) Natural PDF: government doc | Professional 23 languages multi-way, 3 scripts

Table 1: Comparison of OCR-MT or Multilingual OCR datasets

with the text from 60 languages in the FLORES
dataset.” The advantage of rendering approaches is
that any quantity of images can be synthesized. For
example, Tian et al. (2023) rendered a 4 million
pair image-translation training set based on WMT
bitext. A notable disadvantage is that great effort is
required if we want to match the variety of image
layouts found in the real world.

A second approach to OCR-MT datasets is based
on collecting natural images from the wild. For ex-
ample, (Liang et al., 2024) take existing Chinese
street sign OCR datasets like (Sun et al., 2019)
and translate the text portion into English using
professional human translators. In a similar vein,
(Salesky et al., 2024) collected 770 natural pho-
tographs consisting of English in-scene text from
the web and hired professional translators for trans-
lation into German, Spanish, Russian, and Chinese.
The dataset of (Li et al., 2025) significantly in-
creased the scale (10 million collected images) but
relied on a machine translation API to generate the
translated text; it covers 14 languages and 8 scripts.

A third approach focuses on collecting natural
documents from the web. The distinction with
the second approach is not clear-cut, but the focus
here is on collecting machine-printed documents
that are text-rich and sentence-like, as opposed to
photographs like street signs where in-scene text
may consist of short phrases. For example, (Arrigo
et al., 2022) collected and annotated 70k images
for bounding boxes from the web, covering 35 lan-
guages and including both scanned and machine-
printed documents like newspapers, books, jour-
nals, and web pages. A subset of ~15k images
covering 13 languages were transcribed: note this
is a multilingual collection where images contain
different languages and scripts; it must be trans-

’They also include some natural PDFs from the Universal
Declaration of Human Rights database.

lated to create an OCR-MT dataset.

Most relevant to our work are DITrans (Zhang
et al., 2023) and DoTA (Liang et al., 2024), which
like our work, focus on natural PDFs that are text-
rich documents containing a diversity of layouts.
DITrans consists of political reports, newspapers,
and advertisements; DoTA consists of scientific
papers from arXiv. The test sets of both of these
have been professionally translated from English to
Chinese. Additionally, they have provided French
and German translations performed by MT. Our
dataset is different in that we have a larger set of
languages (23 in total) with translations profes-
sionally produced by the data provider and aligned
in a multi-way parallel fashion. In general, these
kinds of document PDFs, when converted to im-
ages, are challenging from the OCR perspective
due to diverse layouts and reading orders; they are
also challenging from the MT perspective due to
the richer vocabulary and syntax.

Last but not least, there is work on translation of
handwritten text, c.f. (Song et al., 2012). This is
a substantially different problem than scanned or
born-digital machine-print documents.

3 Dataset

An ideal dataset for OCR-MT evaluation consists
of three components: (a) document images; (b)
ground truth transcripts in the source languages;
and, (c) human-produced translations in the tar-
get languages. We downloaded PDF files for each
OJEU document in the available languages and ex-
tracted images and text for each individual page.
Files were obtained by crawling the EUR-Lex on-
line portal®, the official repository for the OJEU.
We decided to focus on content from recent years
because previous datasets such as DGT-Acquis have
released translation memories that include some

Shttps://eur-lex.europa.eu/oj/direct-access.html
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OJEU content, and machine translation systems are
often trained using these data, which are available
in the popular OPUS portal (Tiedemann, 2012).

As a general rule, OJEU pages in different lan-
guages contain equivalent content for a given pub-
lished page. In other words, the ¢th page of docu-
ment D in language L1, matches the content of the
ith page of document D in language Lo.* We thus
have page-wise alignments, and not sentence-wise
alignments which are more commonly used for
machine translation. We elected to work directly
with page-level alignments and not perform auto-
mated alignment of text fragments. This avoids the
considerable expense required in manual determi-
nation of reading order and sentence selection and
alignment.

The ground truth text for each page was obtained
using pdftotext. The extracted text contains blank
lines and many broken up lines or text fragments.
The order of the extracted content can vary by lan-
guage, but usually only slightly. We used multiple
newline characters as hard breaks between sections
of text (i.e., paragraphs, list items), but conjoined
other text fragments and then ran automated sen-
tence boundary detection using the multilingual
sentence splitter, ersarz (Wicks and Post, 2021).

Lossless images in PNG format were produced
in three resolutions: 72, 150, and 300 dpi. This cor-
responds to the historical default resolution for web
images, an intermediate value for experimentation,
and the current standard high-quality resolution.

Due to the fact that a number of the articles were
not available in the Irish language, we made the
decision to exclude it from the set of languages in
the dataset. Every page in the dev and test sets is
available in the other 23 EU languages.’

A sample image and its extracted and reconsti-
tuted text are shown in Figure 1.

3.1 Partitions

Our goal was to produce dev and test partitions
consisting of at least 1,000 images (i.e., pages). We
used content from 2022 for a dev partition, and
content from the first nine months of 2023 for a fest
partition. In total there are 1,656 pages in dev and
1,119 pages in test, each of which was manually

“This rule is sometimes broken, when there are mid-sentence
breaks at page boundaries, or in transcripts of Parliamentary
discourse that are intentionally left untranslated.

3 Bulgarian, Croatian, Czech, Danish, Dutch, English, Esto-
nian, Finnish, French, German, Greek, Hungarian, Italian,
Latvian, Lithuanian, Maltese, Polish, Portuguese, Romanian,
Slovak, Slovene, Spanish, and Swedish

dev: 1,656 pages test: 1,119 pages
lang | #tokens #types | #tokens #types
bg 888,760 79,247 | 590,287 59,967
cs 793,944 87,327 | 520,563 66,126
da 793,933 84,881 | 525,390 62,744
de 822,715 85,955 | 542,173 64,159
el 916,722 80,393 | 609,965 60,627
en 856,815 62,476 | 571,423 47,068
es 989,472 67,917 | 662,827 51,756
et 651,124 108,658 | 428,058 80,893
fi 641,669 118,029 | 423,119 87,639
fr 964,872 69,780 | 644,016 52,587
hr 785,715 85,765 | 522,407 64,992
hu 770,588 105,837 | 504,316 78,924
it 903,328 72,291 | 599,804 54,569
It 735,764 91,347 | 485,585 69,448
v 716,048 91,169 | 476,038 69,336
mt 739,617 92,775 | 492,477 70,396
nl 887,333 76,750 | 589,037 57,248
pl 806,494 95,316 | 531,906 72,305
pt 928,921 69,558 | 621,720 52,568
o 901,817 75,588 | 597,887 57,616
sk 784,675 91,566 | 519,818 69,277
sl 781,993 87,441 | 515,796 66,653
sV 783,356 83,188 | 517,883 62,072

Table 2: Data statistics: number of tokens and types

pages regular tables figures
dev | 1,656 | 1,412 (85%) | 193 (12%) | 51 (3%)
test | 1,119 979 (87%) 98 (9%) | 42 (4%)

Table 3: Data statistics: partition size and numbers of
pages with tables or figures.

vetted. These were selected from 944 documents
(82,589 pages), and 661 documents (67323 pages),
respectively. Statistics are given in Tables 2 and 3.

3.2 Diversity of Content

The greater part of the dataset consists of text in
narrative format (e.g., letters or memoranda), or
outline or enumerated list format. However, we
did observe a variety of visual and textual features,
including: tables of contents, tabular data, forms,
scientific charts, drawings, figures, logos, signa-
tures, and equations. A sample of pages is shown
in Figure 2. Pages were tagged as table if they
contained at least one form or table, whether in por-
trait or landscape orientation. Pages were tagged as
figure if they contained a graph, logo, seal, photo-
graph, or drawing. The remaining pages, which are
the majority, are deemed regular. Table 3 reports
the relative prevalence of tables and figures.

3.3 Quality Control

To ensure the quality of the data that we selected,
we performed both automated filtering and human
review. We automatically rejected pages if: (a) they
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61.

Consider promoting well-being in digital education as part of the annual Digital
Education Hackathon; 62.

Raise awareness among all relevant stakeholders, e.g. designers of digital tools and
services, such as the education technology sector (EdTech) and those focused on
cybersecurity, on integrating user-friendly approaches and solutions which would
support learners’ and educators’ well-being in digital education.

Raise awareness among all relevant stakeholders who develop digital education
content on integrating the aspect of well-being not only in the content itself but also
in teaching and learning processes. 63.

Support the use of EU programmes, such as Erasmus+, the European Social Fund Plus,
the European Solidarity Corps, Horizon Europe and the Digital Europe Programme
for promoting learners’ and educators’ well-being in digital learning environments
and the use of advanced digital technologies, e.g. for learners with disabilities and/or
special educational needs, as well as the development, testing and deployment of
gamification, educational solutions based on Al, and extended reality technologies
such as augmented/virtual reality for pedagogical purposes; 64.

Reflect the need for a holistic, integrated and sustainable digital education ecosystem
in the Member States that promotes quality and inclusion and fosters well-being
in digital education in the ongoing implementation of the Digital Education Action
Plan (2021-2027) and the upcoming proposals for a Council Recommendation on the
enabling factors for digital education and a Council Recommendation on improving

the provision of digital skills in education and training.

Figure 1: The page image for OJ:C:2022:469:FULL.en.p-28 is shown at left. The original document can be viewed

at https://eur-lex.europa.eu/legal-content/EN

/TXT/PDF/?uri=0J:C:2022:469:FULL#page=28. On the

right is the extracted text from pdftotext which was then run through sentence boundary detection.

were blank or contained fewer than 80 alphabetic
characters; (b) parallel content did not match the ex-
pected language, according to automated language
ID; or, (¢) content was not available in one of the 23
languages (possibly due to errors in downloading).
Human review consisted of avoiding less desirable
pages, such as pages with mid-sentence breaks at
the top or bottom of the page, pages largely con-
sisting of tables of numbers, and atypical language,
such as long lists of names or product codes.

3.4 Limitations

In addition to the OJ4OCRMT'’s desirable proper-
ties, it also has a couple of limitations. There are
no ground-truth annotations for reading order or
sentence segmentation. And because the data is
obtained from a single source, there is some homo-
geneity in both the visual properties (e.g., layouts
and fonts) and the textual characteristics (e.g., trans-
lators may use consistent terminology and style).

4 Experimental Setup
4.1 OCR Engines

In our benchmark experiments we used two open-
source OCR engines as part of OCR-MT cascades,
and one commercial end-to-end OCR-MT model.

EasyOCR is an open-source, python-based multi-
lingual OCR engine.® We used version 1.7.1 which
is released under the Apache 2.0 license. The tool
does not support the Finnish or Greek languages,
but we did run Latin-based decodes for those lan-
guages anyway; we obtained reasonable results for
Finnish, and meaningless results for Greek (as one
would expect).

Another open source tool used was Tesseract
(version 5.5.0), which was applied to the images
from the dataset at each of the three resolutions.
For each language’s portion of the data, the corre-
sponding LSTM-based pretrained Tesseract model
was applied. (Smith et al., 2009). Tesseract was
run using the Unix parallel utility for increased
CPU throughput (Tange, 2024).

For the end-to-end OCR-MT commercial sys-
tem evaluation, we used the API service hosted
by Anthropic. All results used the model identi-
fier claude-3-5-sonnet-20241022. We used the
following prompt structure:

system: “You are a highly skilled
translator and interpreter with
expertise in many languages. Your

SAvailable  from:
EasyOCR.
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Figure 2: Examples of the visual diversity in the collection, including embedded images, scientific charts, figures
such as flowcharts, multicolumn text, outline format with tables, and images such as maps.
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task is to accurately translate

the document I provide into
English while preserving the
structure and meaning of the

original text as literally as
possible.”

user: <image>

user: “Translate all of the text
in this document into English,
including the text of any headers,
body text, figures, tables,
and footnotes. Non-linguistic
text like proper names, numbers,
identifiers, and punctuation
should be preserved as much as
possible but transliterated into
Latin characters if necessary.
Output only the text of the
document exactly as it appears,
but translated so that a person
who only knows English can
understand it.”

This prompt was created using guidance from
the Anthropic documentation with manual adjust-
ment based on observed initial failure cases (such
as omitting header and footer text).” There is con-
siderable room for continued prompt tuning in fu-
ture work. In particular, we note that the prompt
does not specify the source language even though
this information was available for each document,
and we did not perform a rigorous search or evalua-
tion of many prompt alternatives, which can greatly
affect the performance of LLMs.

In order to keep the images within the size limits
supported by the service, we used the pre-computed
300dpi renderings but resized the longest edge to
1280 pixels before uploading, for an effective reso-
lution of approximately 110dpi.

We limited all decodings to a maximum of 2048
tokens. All examples from the test set fit within this
limit. Furthermore, we set the decoding tempera-
ture to 0.2 following existing machine translation
examples from Anthropic.

4.2 MT Systems

In our benchmark studies we relied on NLLB-
200, a multilingual translation system from Meta

"Despite our best efforts, the API refused to decode one page
in the test partition for 6 of the 23 languages. As this amounts
to less than 1/1000th of the data we considered this inconse-
quential.

(NLLB Team et al., 2022). Specifically, we em-
ployed the NLLB-200 3.3 billion parameter model
that is quantized to 8int for fast inference with
ctranslate2®. We chose NLLB because it is sup-
ports the languages in the dataset: a single model
simplifies the implementation, but we note that it
may be possible to further improve the MT system
by doing language-specific fine-tuning (Tang et al.,
2021) or domain adaptation (Verma et al., 2022).

4.3 Metrics

Conventional MT evaluation metrics such as BLEU
(Papineni et al., 2002) are not directly applicable
to our dataset because the atomic unit of operation
is an entire page, not a sentence. Specifically, for a
given page, the ground-truth reference extracted by
pdftotext may contain n lines, whereas the output
of an OCR-MT system may be m lines. Different
OCR-MT systems may obtain different numbers
of lines. It is non-trivial to automatically re-stitch
lines in OCR-MT output into linguistically-valid
sentences and align to the n reference lines.

Therefore, we propose to use Page-Level BLEU,
where all lines from each page are concatenated and
treated as a single long “sentence” for the purpose
of alignment between reference and hypothesis. If
there are k pages in a dataset (k = 1119 for our
testset), then we first re-organize the n lines of ref-
erence and m lines of hypothesis both into k long
lines. Then we run the standard BLEU metric using
SacreBLEU (Post, 2018), treating each page as if it
were a sentence. Pseudocode for this processing is
shown in Algorithm 1.

This kind of page-level scoring is also employed
in other OCR tasks like reading order detection
(Wang et al., 2021). Some researchers® use the term
“Document-level BLEU” to refer to what we call
“Page-Level BLEU.” We think they are interchange-
able terms but we prefer “page” to emphasize the
fact that single pages rather than full-length multi-
page documents are being scored. Other page-level
translation metrics based on COMET or TER are
also conceivable, but they would require substantial
computation to calculate due to the long lines.

While Page-Level BLEU is our primary metric
for evaluating OCR-MT systems, we propose to
use Page-Level Character F-score (chrF) to eval-

$Model: https://huggingface.co/OpenNMT/nllb-200-3.
3B-ct2-int8, Example: https://forum.opennmt.net/t/
nllb-200-with-ctranslate2/5090

9See: ICDAR25 Competition on End-to-End Document Image
MT: https://cip-documentai.github.io
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Algorithm 1 Page-Level BLEU

Require: Reference_File > n lines from our dataset
Require: Hypothesis_File > m lines from OCR-MT system

: procedure CONCATLINES(File)
L={}
for all line in File do
i = GetPageld(line) > which page the line belongs
L[i] = StringConcat(L[i], line)
end for
ids = sort(L.keys())
return list([L[i] for i in ids])
end procedure

> initialize dictionary

> Get sorted list of page ids
> k lines, k =len(ids)

R A e

10: Ref_Lines = ConcatLines(Reference_File)
11: Hyp_Lines = ConcatLines(Hypothesis_File)
12: return SacreBLEU(Ref_Lines, Hyp_Lines)

uate the accuracy of the OCR component. The
computation is similar to Page-Level BLEU, ex-
cept that BLEU is swapped with chrF (Popovi¢,
2015) which focuses more on character matching.
Other metrics like page-level character error rate
also conceivable. chrF is defined as:

chrP - chrR
B2chrP + chrR

chrF = (1+ %) (1)
where chr P is percentage of character n-grams in
the hypothesis which match reference and chr R is
the percentage of character n-grams in the hypothe-

sis which are also in the hypothesis. We set n = 6
and g = 2.10

S Experimental Results

To demonstrate the utility of OJ4OCRMT and
to document the performance attainable by con-
temporary OCR-MT systems we report several
experimental results. We studied: (a) transla-
tion into English (Section 5.1); (b) OCR-MT per-
formance using images of differing quality (Sec-
tion 5.2); and, (c) multilingual translation between
any source/target language pair (Section 5.3).

5.1 Primary Benchmark: xx—en

We encourage researchers to focus on translation
into English (xx—en) as the main benchmark for
this dataset. This is for two reasons:

1. With fewer resources for training OCR models
in non-English documents, this task is more
challenging and deserves more research.

%We use the SacreBLEU toolkit, with signatures:
BLEU=nrefs:1|case:1c|eff:yes|tok:13a|smooth:exp|version:2.4.0

chrF=nrefs:1|case:1lc|eff:yes|nc:6|nw:0|space:no|version:2.4.0

2. Translation into the same English side in this
multi-parallel dataset facilitates comparison
across test sets. For example, we can compare
the Page-Level BLEU scores of the fr—en
testset with that of the de—en testset because
they are based on the same reference.

Table 4 shows the Page-Level BLEU scores of
various OCR-MT systems. We compare 4 systems:

(a) Reference transcription translated by NLLB
(b) Cascade: Tesseract OCR + NLLB MT

(c) Cascade: EasyOCR + NLLB MT

(d) End-to-End: Direct translation by Claude

For example, in the bg—en task, translating the
ground truth Bulgarian reference using NLLB gives
49.5 Page-Level BLEU, whereas using the same
translation model on Tesseract OCR outputs in a
cascaded fashion gives 38.8 Page-Level BLEU; the
EasyOCR+NLLB cascade gives 22.5 Page-Level
BLEU and the degradation can be attributed to
OCR performance differences. The end-to-end
Claude system gives very strong 49.3 Page-Level
BLEU.

For all language pairs, we observe a perfor-
mance degradation when using automatic OCR
in cascades, suggesting that this is an interesting
dataset for understanding the impact of OCR er-
rors on MT.!! Generally, Tesseract cascades ap-
pear to perform better than EasyOCR cascades, but
there is still a sizeable gap when compared with the
OCR reference translation. The end-to-end system
achieves very competitive scores and sometimes
even outperforms reference translation (e.g., 49.6
vs. 44.6 for cs—en). There are two hypotheses:
(a) Claude has strong OCR, MT, or OCR-MT per-
formance in this domain, or (b) Claude may have
been exposed to similar kinds of governmental doc-
uments during training.

5.2 Different Image Quality

We are also interested in understanding how degra-
dation in image quality impacts OCR-MT. As pre-
viously mentioned, we converted the PDFs into
images at 300, 150, and 72dpi. For each resolution
we ran the two cascades: systems (b) and (c) de-
scribed above. We then measure the performance

""We note the Iv—en results are low across the board. This
appears to be an issue in the translation model (rather than the
OCR component), which severely hallucinates on lv input.
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bg cs da de el es e fi fr hr hu it 1t lv mt nl pl pt ro sk sl sv

(a)
(b)
(©)
)

49.5 44.6 47.4 454 47.4 549 4577 449 52.4 40.0 44.2 51.0 44.0 12.7 57.9 49.8 44.6 53.1 50.2 46.8 47.4 51.9
38.8 39.7 40.6 37.4 37.5 47.6 37.0 35.8 43.2 29.5 37.3 42.5 35.8 2.4 50.1 41.0 40.3 44.2 43.8 40.7 40.1 44.9
22.5 356 354 325 - 41.0 327 - 36.8 27.7 33.7 36.5 31.6 1.4 42.8 36.5 34.0 40.3 39.5 36.5 36.1 39.0
49.3 49.6 48.8 49.5 49.5 53.7 35.7 39.8 52.1 50.6 43.9 53.4 38.1 38.6 46.3 52.3 48.8 53.9 52.8 50.3 48.5 47.0

Table 4: Page-level BLEU results for the main benchmark: Translate into English, 300dpi setting. System (a) is the
result of translating reference transcripts in the source language with the NLLB model. System (b) is a cascade of
Tesseract and NLLB. System (c) is a cascade of EasyOCR and NLLB. System (d) is a VLM, Claude, run in an
end-to-end fashion to directly translate into English from images.

bg cs da de el en e e fi fr hr hu it It Iv mt nl pl pt ro sk sl sv

bg
cs
da
de
el
en
es
et
fi
fr
hr
hu
it
It
v
mt
nl
pl
pt
ro
sk
sl
sV

— 344 36.2 31.6 38.7 49.5 39.1 26.7 25.8 34.2 21.2 23.1 38.3 30.3 3.1 28.4 34.1 31.5 40.6 40.2 33.6 34.1 32.8
35,6 — 32.8 28.1 35.2 44.6 34.7 23.6 23.6 30.6 19.5 21.0 34.3 27.2 2.7 25.5 30.8 27.4 35.4 34.8 35.0 32.3 27.9
36.0 324 — 28.8 36.3 47.4 36.4 24.4 24.7 32.2 21.3 21.5 35.3 27.7 3.5 26.6 33.5 28.1 34.7 36.2 30.3 30.2 31.5
357323 33.1 - 33.6 45.4 349 24.8 24.0 30.9 20.5 22.5 34.7 27.3 3.4 25.4 32.8 27.3 34.8 34.0 30.7 30.8 29.8
37.1 32.2 34.1 29.0 - 47.4 36.8 24.0 23.8 32.6 19.6 20.9 36.8 27.6 2.9 28.0 32.7 28.0 37.3 37.0 31.9 31.0 29.1
54.2 48.9 52.7 46.8 523 — 57.0 38.8 36.6 47.4 37.9 42.7 53.4 41.2 2.7 49.1 51.5 47.3 56.7 56.7 51.0 48.8 49.6
40.8 35.1 37.3 32.3 40.7 549 — 26.8 26.0 38.4 21.8 25.1 43.4 30.4 3.7 31.8 37.1 30.8 45.0 43.1 34.7 35.2 34.5
36.3 32.0 35.3 30.2 35.8 45.7 36.1 — 26.5 31.6 21.2 24.0 35.0 29.6 3.3 27.1 33.3 28.9 36.3 35.2 32.1 32.0 314
34.7 31.1 33.3 29.3 34.6 449 35.1 264 — 31.5 20.4 23.7 34.1 27.7 3.5 26.2 32.1 27.6 34.7 33.9 30.5 31.0 31.0
40.3 35.4 38.1 33.6 39.4 52.4 45.1 27.9 26.6 — 25.7 26.8 43.0 30.9 4.7 30.3 38.0 32.5 43.6 43.8 34.6 35.5 34.2
27.6 21.2 24.0 18.3 27.0 40.0 24.6 16.2 17.5 22.6 - 10.3 26.2 18.8 1.7 18.5 20.2 16.5 25.2 24.6 20.0 23.3 18.4
34.2 30.4 32.5 28.5 34.3 44.2 33.7 24.1 23.8 295 17.8 — 32.8 26.4 3.0 25.3 30.7 26.3 34.3 33.1 28.8 30.4 29.1
38.5 33.7 353 30.2 39.4 51.0 41.5 25.5 25.0 37.7 22.4 22.6 - 28.7 4.1 29.3 35.7 30.6 40.9 42.0 3.9 33.0 314
35.6 31.3 32.2 27.6 34.1 44.0 34.7 24.7 24.0 30.5 20.2 22.3 342 — 3.3 25.5 31.0 27.6 34.8 34.2 30.8 29.9 28.3
0.8 06 07 0.7 08 127 1.2 05 222 26.8 255239 09 26.1 - 21.0 27.5 25.8 29.6 28.6 26.0 25.7 25.3
40.4 34.2 38.2 31.3 40.5 57.9 41.6 25.4 25.2 36.8 19.0 22.5 40.9 28.6 4.1 — 34.4 30.2 42.0 42.4 34.7 35.4 33.4
38.1 33.5 35.1 31.2 36.9 49.8 38.8 25.7 25.3 34.4 22.5 23.4 38.6 28.9 3.5 28.7 — 29.8 37.7 39.5 32.1 32.3 335
36.3 33.0 32.8 28.9 35.4 44.6 35.3 24.3 23.5 30.9 21.0 21.8 35.4 28.0 2.9 25.7 31.3 — 35.0 35.2 31.4 32.1 284
40.8 34.6 37.5 32.7 40.2 53.1 46.4 26.6 26.4 38.0 19.8 23.9 43.6 29.6 3.3 31.8 36.1 30.9 - 429 342 352 33.9
38.9 32.4 35.3 28.7 39.0 50.2 39.5 24.1 23.8 35.3 18.6 19.5 39.6 27.8 2.7 30.1 32.3 28.4 40.2 - 32.1 31.6 29.8
37.2 37.6 34.2 28.2 35.9 46.8 35.5 24.0 23.6 31.5 20.8 21.4 34.5 27.9 2.9 26.6 31.4 28.6 35.3 36.1 — 32.5285
37.2 33.7 35.0 30.3 36.8 47.4 36.1 25.1 24.8 32.5 23.8 21.5 36.9 28.9 3.5 27.4 32.7 29.9 36.2 369 33.7 - 305
38.7 33.6 39.0 31.9 38.2 51.9 39.3 24.2 26.5 35.1 20.7 23.6 38.2 28.5 3.2 29.3 35.1 28.0 38.0 37.8 32.7 33.8 -

Table 5: Page-level BLEU results for all language pairs using System (a): Reference transcript with NLLB
translation. Rows are source languages and columns are target languages. 300dpi setting.

bg cs da de el en e e fi fr hr hu it It Iv mt nl pl pt ro sk sl sv

bg
cs
da
de
el

en
es

— 27.230.5 24.8 28.9 38.8 35.2 22.2 19.9 27.5 19.8 18.7 30.4 24.6 1.5 21.5 28.5 25.4 32.9 32.5 28.5 29.8 27.7
333 — 32.027.6 30.3 39.7 35.7 23.5 21.9 28.3 20.0 19.4 31.7 26.0 2.6 22.5 30.6 27.1 34.5 33.3 35.0 32.2 29.2
329303 - 27.9 30.1 40.6 36.3 24.7 23.7 28.5 21.6 20.1 33.0 26.7 3.2 24.0 31.9 27.0 35.2 34.0 30.6 30.7 32.7
31.7 295 324 — 29.0 37.4 34.3 23.8 22.6 26.8 19.9 19.9 31.1 25.1 3.2 22.0 30.8 25.8 33.4 32.0 29.3 30.5 29.4
30.6 26.5 27.4 23.6 - 37.533.3 18.2 18.6 27.3 19.6 16.6 30.0 21.9 1.1 21.2 27.1 22.9 30.9 31.3 25.6 25.8 24.1
45.5 41.6 459 38.0 42.7 — 51.8 31.0 31.0 40.5 29.2 32.2 46.0 34.9 2.7 40.5 43.5 37.8 49.6 48.2 43.9 43.1 42.6
37.8 33.3 36.4 31.0 36.1 47.6 — 25.0 26.6 35.2 21.9 23.8 40.8 28.6 3.6 30.3 35.6 30.8 43.1 40.8 33.5 34.1 33.7
30.0 27.6 31.4 25.6 28.1 37.0 32.8 — 23.0 25.7 19.9 22.2 29.8 26.5 3.4 21.0 28.9 25.5 31.5 29.9 28.6 29.6 28.2
29.3 27.0 30.6 25.1 27.3 35.8 32.2 239 - 26.0 20.1 21.6 29.1 24.8 3.4 21.0 27.9 24.7 30.9 29.2 27.5 28.9 28.4
34.3 31.0 34.8 29.2 32.3 43.2 41.6 26.3 242 — 25.0 24.1 37.9 27.7 4.8 27.4 33.7 29.7 40.2 37.9 32.2 33.3 31.7
26.6 20.2 22.5 17.8 24.0 29.5 24.8 16.0 17.0 204 - 8.7 24.2 18.4 1.6 16.7 19.8 15.3 25.1 23.6 18.6 22.2 18.3
30.6 27.8 30.6 25.5 28.4 37.3 32.5 23.9 22.2 2577 17.6 — 29.9 25.1 3.0 21.7 28.2 24.8 32.2 30.5 27.3 28.8 27.0
342 31.2 34.3 28.5 32.2 42.5 40.1 25.4 239 32.1 242 22.1 - 27.3 4.5 26.2 33.2 28.5 38.8 37.2 32.2 33.5 31.5
28.7 25.6 28.4 23.1 25.6 35.8 31.8 22.0 19.9 25.0 19.2 19.7 27.5 - 2.4 204 26.7 23.5 30.9 28.2 26.3 27.2 25.2
1.1 08 1.0 1.0 1.0 24 18 06 06 16 09 08 1.1 07 - 07 13 08 14 1.1 08 09 09
34.3 29.5 34.2 27.2 33.2 50.1 39.7 23.4 22.0 30.9 17.5 19.2 35.3 26.0 2.3 - 30.8 26.9 38.0 36.5 31.1 32.7 30.8
32.4 294 33.8 28.5 29.7 41.0 36.6 24.2 23.1 29.3 21.8 22.0 33.0 25.9 3.1 23.7 — 27.1 34.8 33.7 30.3 31.4 30.9
31.7 27.9 28.2 27.5 30.5 40.3 34.6 20.4 20.9 29.3 19.3 17.9 29.8 23.3 3.2 22.0 27.9 - 32.2 30.4 26.2 26.4 259
34.9 30.2 34.8 28.6 32.9 442 41.9 25.1 22.9 32.9 22.2 22.7 37.8 27.2 3.2 26.6 31.9 28.2 - 37.3 32.3 33.1 31.0
35.3 30.7 34.4 28.1 32.7 43.8 39.8 24.2 22.5 32.0 19.7 19.7 36.6 26.8 2.7 26.4 31.8 27.4 39.0 - 32.2 33.0 30.9
33.1 34.0 32.8 27.0 30.3 40.7 36.0 23.7 21.2 28.1 21.2 20.2 31.7 25.7 2.5 22.5 29.9 27.2 347 33.0 - 329 28.8
33.2 30.4 31.7 27.7 30.4 40.1 35.0 23.4 22.6 27.3 23.3 20.1 31.3 26.5 3.2 22.6 30.1 26.8 34.5 32.7 31.8 — 29.6
35.0 31.9 39.0 30.1 33.1 44.9 38.7 24.3 25.5 31.8 22.0 22.4 35.6 27.9 3.1 26.1 34.0 28.4 37.2 35.6 32.4 339 -

Table 6: Page-level BLEU results for all language pairs using System (b): Tesseract OCR with NLLB translation.
Rows are source languages and columns are target languages. 300dpi setting.
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Figure 3: Scatterplot of Cascade systems under different
image inputs (300dpi, 150dpi, and 72dpi). The x-axis is
the chrF of the OCR engine, and the y-axis is the BLEU
score representing final OCR-MT performance.

of the OCR component using Page-Level chrF and
the final OCR-MT performance using Page-Level
BLEU. A scatterplot is shown in Figure 3.

As can be seen, there is a strong correlation be-
tween the OCR chrF and OCR-MT BLEU scores.
For example, TesseractNLLB for cs—en gives 97.6
chrF and 39.7 BLEU at 300dpi, drops to 97.3 chrF
and 39.0 BLEU at 150dpi, and then further de-
creases to 69.1 chrF and 23.5 BLEU at 72dpi. We
believe that releasing images with different resolu-
tions will foster additional OCR-MT research.

Note there are also several failure cases in the
72dpi setting, which appear to be difficult for both
Tesseract and EasyOCR. For those systems with
OCR chrF under 50, the OCR transcripts are basi-
cally unreadable and the MT component halluci-
nates. This explains the Page-Level BLEUs under
10 in Figure 3.

5.3 Multilingual Evaluation

Since our dataset is multi-way parallel, a massively
multilingual evaluation for all pairs of 23 x 22 =
506 language directions is feasible. We report Page-
level BLEU results for System (a) in Table 5 and
for System (b) in Table 6.'> We hope this will
encourage research that is not English-centric.

5.4 Error Analysis

We present examples in Table 7 to illustrate the suc-
cesses and failures of one of the cascade systems.
The English reference for the three examples can

2We did not run the Claude model for all these pairs due to
the computational expense.

be seen in Figure 2. Due to space limitations, we
only show an excerpt of the Tesseract OCR output
and NLLB MT output for each page.

In Example 1, we observe some critical OCR
errors in the lower dpi case: “Stammt aus” was mis-
transcribed as “53mm us” and “Landwirtschaftssys-
tem” was mistaken as “Landwirtschaftssyster”, and
the error propagation resulted in an incomprehen-
sible translation. In contrast, in Example 2, there
are also critical mistakes in OCR, but interestingly
the translation still contained some of the gist. Mis-
transcription of “Drittlandern” into “Drinlédnder”
changed the translation from “third countries” to
“non-member countries.” In terms of BLEU n-gram
calculation, the main noun ‘“countries" was trans-
lated correctly.

Example 3 is the page with the flowchart in Fig-
ure 2. It contains some complications due to lay-
out analysis and reading order. For both 72 and
300 dpi examples, we observe that the header (“L
14/438 Amtsblatt der Europidischen Union...”) has
not been sentence-split from the following caption
of the flowchart (“Ablaufdiagramm fiir das ...” /
“Flowchart on the ...”). These kinds of sentence
splitting issues can impact MT significantly, espe-
cially if it expects well-formed sentences. Inter-
estingly, the header is entirely ignored by NLLB
in the 300dpi case. Additionally, the 72dpi ver-
sion does not output lines in the same order as the
300dpi version, in particular jumping to generate
the box containing the word “Berechnung” soon
after the “Start” box of the flowchart. This resulted
in significantly different translations between the
two image resolutions.

We can also analyze translation quality accord-
ing to page type, since the dataset contains anno-
tations indicating which pages contain figures or
tables. These more complex layouts may present
additional challenges to an OCR-MT system. Ta-
ble 8 shows the Page-Level BLEU of the Tesseract-
NLLB cascade broken down by different subsets.
For example, in bg—en, we observe that the per-
formance on pages with tables (24.8) is 14.0 points
lower than the performance on the full testset; sim-
ilarly, performance on pages with figures degrades
14.6 points. Generally, across all language pairs,
we observe that pages with tables or figures tend to
be substantially more challenging.
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[DPI|Tesseract output (transcript or translation)

Example 1: https://eur-lex.europa.eu/legal-content/DE/TXT/PDF/?uri=0J:L:2023:188:FULL#page=36

72 |OCR: Das Lamunfleisch 53mm us einem extensiven traditionellen Landwirtschaftssyster.
MT: The meat 53mm us an extensive traditional agricultural sister.
300 |OCR: Das Lammfleisch Stammt aus einem extensiven traditionellen Landwirtschaftssystem.

MT: Lamb comes from an extensive traditional farming system.

Example 2: https://eur-lex.europa.eu/legal-content/DE/TXT/PDF/?uri=0J:L:2023:147:FULL#page=14

72 | OCR: Einfiihren aus anderen Drinldnder als Im Die Einfuhren der iiberpriiften Ware aus anderen Drinlindern stammten
hauptsichlich aus China, Mexiko und Russland
MT: Imports from non-member countries of the three countries The imports of the product under review from non-
member countries of the three countries were mainly from China, Mexico and Russia

300 |OCR: Einfuhren aus anderen Drittlindern als Indien (54) Die Einfuhren der iiberpriiften Ware aus anderen Drittlindern

stammten hauptsédchlich aus China, Mexiko und Russland.
MT: Imports from third countries other than India (54) Imports of the product under review from other third countries
were mainly from China, Mexico and Russia.

Example 3: https://eur-lex.europa.eu/legal-content/DE/TXT/PDF/?uri=0J:L:2023:014:FULL#page=440

72 |OCR: Lies Amwbia der Europiischen Union 16.2023 Ablaufdiagramm fiir das Betriebsakkumulationsprogramm Start
Berechnung Nrs Abfolge (Anlage 4 + aktive...
MT: 16.1.2023 European Union Amw blue Example of a farm accumulation programme with chemical, lubricant
consumption and engine speed and cabinet regeneration data Example of a farm ...

300 |OCR: L 14/438 Amtsblatt der Europdischen Union 16.1.2023 Anhang 13 - Anlage 9 Ablaufdiagramm fiir das Be-

triebsakkumulationsprogramm Start ; Aufbau einer Alterungsabfolge (thermische Alterung + Schmiermittelverbrauch-
salterung) ...

MT: Annex 13 - Appendix 9 - Schedule of the operational accumulation programme Start; construction of an ageing
sequence (thermal ageing + lubricant consumption ageing) ...

Table 7: Example outputs from OCR component and OCR-MT cascade for de—en. The English version of the
images are in Figure 2. The original German PDF can be accessed online with the provided URL. Interesting errors
are highlighted in red and discussed in Section 5.4.

6 Conclusions

We have created a new dataset, OJ4OCRMT, which

all [table A |figure A . .
bz [38.8/248 (14.0)| 242 (14.6) adds to the set of resources aYallable for assessing
cs [39.7]25.1 (-14.6)| 30.5 (-9.2) the performance of document image translation sys-
da 140.6/33.0 (-7.5) | 37.8 (-2.7) tems. The dataset is large, supports 23 languages
de (37.4(27.3 (-10.1)| 30.5 (-6.9) d3 ... d . . )
el [37.51289 (8.6) | 223 (152) an writing systems, and contains interesting
es [47.6/41.3 (-6.3) | 33.9 (-13.7) visual layouts of natural documents in the govern-
et |37.0132.8 (-4.2) 269 (-10.1) ment domain. We reported benchmark experiments
fi [35.8(28.0 (-7.8) | 25.6 (-10.1) . . .
fr [432[295 (-13.7)| 307 (-12.5) on this translation task using two cascaded systems
hr [29.5127.2 (2.3) | 242 (-5.3) and one VLM-based end-to-end system. Some of
ﬁu izg gg"g (('_1703‘;) gzg E}gg; our findings include: (a) the VLM system (Claude)
It [358(22.1 (-13.6)| 234 (-12.4) generally outperformed the cascaded systems; (b)
Iv [24]46 (+22)| 1.2 (1.1 Tesseract generally outperformed EasyOCR; (c)
mt [50.1[29.1 (-21.0)| 41.2 (-8.9) Dl
al |410]255 (15.5) 325 (8.4) the OCR models performed poorly on 72dpi im
pl [40.3[35.7 (-4.5)| 282 (-12.1) ages; and, (d) the presence of tables or figures in
pt |442126.7 (-17.5)| 34.0 (-10.2) images led to poorer translation quality.
ro 14381261 (-17.6)) 346 (-92) The dataset can be obtained from https://
sk 140.7|25.2 (-15.5)| 33.2 (-7.6) ) pS:
sl 40.1|31.7 (-8.4) | 29.5 (-10.6) huggingface.co/hltcoe.
sv |44.9|24.3 (-20.5)| 33.0 (-11.9)
avg.(38.6(27.7 (-10.9)| 289 (-9.7)

Table 8: Page-level BLEU breakdown by page type
(pages with tables or figures), for the Tesseract-NLLB
cascade. xx—en, 300dpi setting. A shows difference in
Page-Level BLEU when compared to the all pages in
the testset.
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Sustainability statement

As the focus of this paper is on developing a dataset
and demonstrating its utility for evaluating docu-
ment image translation, it was not necessary to train
models. Consequently, our electrical consumption
was fairly small for the work described in this pa-
per. By compiling and releasing a reusable dataset
we hope to save other researchers effort.

We will nevertheless attempt to estimate carbon
footprint associated with this project. For the end-
to-end translation experiments using Anthropic’s
Claude model, we note that the Claude 3 Model
Card claims that Anthropic purchases sufficient
carbon credits to offset their consumption each year
(Anthropic, 2024).

For the cascade systems, our NLLB inference on
V100 GPU’s takes approximately 0.5 hours on each
test set. We estimate 1200 test decodes, so that is
600 GPU-hours in total. The EasyOCR decodes
cost around 300 GPU-hours. If we use 250 watts
as the rating for a V100, then given a total 900
GPU-hours that is 0.23 MWh of electricity usage.
If we assume a COze emission of 432 kg/MWh
and data center power usage effectiveness (PUE)
of 1.5, then the COse emission is guesstimated to
be: 1.5 x %23 11\/[Wh X ﬁ%&l,(}% = 150 kg. In addition,
our CPU usage for ersatz sentence splitting and
Tesseract OCR 1is estimated to be at 200 hours,
corresponding to 39kg COxe in total.
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