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Abstract

Historical handwritten documents represent a valuable source of information about
the language, culture, and society of earlier periods. In the context of global-
ized scholarship, the development of automatic handwriting recognition tools for a
wide range of languages has become increasingly important to ensure broader ac-
cessibility to the cultural heritage of different nations. Pre-revolutionary Russian
presents a particular challenge for such systems due to its significant orthographic
differences from the modern language. This work introduces a universal tool for
recognizing handwritten documents written in pre-revolutionary Russian orthog-
raphy, dated from the 19" century to the early 20" century. We present a two-
stage handwritten text recognition (HTR) system combining YOLOv8-based line
segmentation with TrOCR, a transformer architecture pre-trained on Russian-
language data. The system is performed on a manually annotated corpus of 38, 501
lines across three document types: Gubernatorial Reports (31, 083 lines), Statu-
tory Charters (5, 868 lines), and Personal Diaries (1, 550 lines), split into training,
validation, and test sets. Our approach achieves a character error rate (CER) of
8.5% and a word error rate (WER) of 29.1% overall, with performance varying
by document type - ranging from 4.8% CER on formal administrative documents
to 19.0% CER on informal personal writings. The transformer-based architecture
demonstrates a 53.8% improvement over traditional CNN-RNN baselines (from
18.4% to 8.5%)), providing a practical tool for large-scale digitization of historical
Russian archives. Demo: Interactive demo.

1 Introduction

Historical documents play a crucial role in preserving cultural heritage and providing the scholarly
community with direct access to primary sources. These materials offer unique insights into the
linguistic, cultural, and societal dynamics of earlier periods and serve as empirical foundations for
studying long-term macroeconomic and political developments.

Despite their importance, the automated processing of such documents remains a substantial chal-
lenge — particularly in the case of low-resource languages. Modern optical character recognition
(OCR) systems, typically powered by machine learning techniques (Garrido-Munoz et all, 2025b;
Romein et all, 2025; Zhu et all, 2025), require large volumes of annotated training data. This cre-
ates a fundamental obstacle for historical languages or scripts with limited digital resources, where
labeled corpora are scarce or altogether absent.

A notable case of this challenge is the recognition of handwritten Russian documents from the Rus-
sian Empire period, spanning from the 17" century until the orthographic reform of 1918 (Council
of People’s Commissars of the RSFSR, [1918). Unlike many Western European languages — whose
orthographic systems remained relatively stable — Russian orthography underwent radical changes
following the 1917 revolution. The 1918 reform eliminated several letters and altered spelling rules,
creating a substantial divergence between pre- and post-reform Russian texts.

By contrast, English orthography began stabilizing in the 18" century, especially after the publica-
tion of Samuel Johnson’s dictionary in 1755 (Johnson, [1755), which contributed to enduring spelling
conventions. As a result, modern OCR systems can recognize 18"-century English texts with min-
imal adaptation (Edwards IIl, 2007; Garrido-Munoz et all, 20254). The situation with Russian is
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markedly different: the substantial orthographic transformation renders pre-reform Russian nearly a
distinct variant from the perspective of automated language processing.

According to recent estimates (Degtareva, 2022), only about 5% of archival Russian documents
requiring digitization have been converted into digital form. This severely limits scholarly access to
these materials and justifies classifying pre-reform Russian as a low-resource language in the context
of modern text processing technologies.

Existing solutions for historical Russian OCR are typically narrow in scope. For example, the system
designed for early 18™-century Petrine-era cursive targets a highly specific domain (Potanin et all,
2021)), while the project focused on A.S. Pushkin’s manuscripts is limited to a single individual’s
handwriting style (Kokorin et all, 2025). Although effective in their respective contexts, such tools
are not generalizable to a broader range of documents due to the specificity of their training data and
temporal focus.

To address this gap, we present the first universal tool for handwritten text recognition (HTR) in
historical Russian documents from the Russian Empire period. Our approach makes three key
contributions:

First, we develop a novel two-stage architecture for low-resource handwritten text recognition
(Russian), combining YOLOv8-based layout analysis for line segmentation (Redmon et all, 2016)
with a specialized TrOCR transformer architecture (Li et all, 2023) for text recognition.

Second, we curate and manually annotate the largest dataset of pre-reform Russian manuscripts
to date, comprising 38,501 lines spanning diverse handwriting styles from the late 19th to early
20th centuries. This represents the first comprehensive dataset of its kind for this historical period
and writing system.

Third, our system demonstrates state-of-the-art performance with a character error rate (CER)
of 8.5% and word error rate (WER) of 29.1% on held-out test data, substantially outperforming all
existing methods in this domain.

These contributions enable, for the first time, large-scale automated digitization of historical Russian
archives, opening new possibilities for digital humanities research and cultural heritage preservation.

2 Related Works

2.1 HTR for Historical Documents

A recent survey by Garrido-Munoz et al. (2025b) charts the field’s shift from CNN-RNN pipelines to
transformer and large multimodal language models (LMMs), while also noting persistent challenges
with complex layouts and rare scripts. Public benchmarks confirm these trends: Romein et al. (2025)
compare five state-of-the-art engines across multilingual archives, and the Time Travel benchmark
of Ghaboura et al| (2029) is the first to evaluate LMMs on cultural-heritage artefacts. Empirical
studies demonstrate the payoff: Humphries et al. (2029) and Kim et al. (2025) report CER below 6 %
on 18th—19th-century English, Dutch and French manuscripts, surpassing classical HTR systems.
Complementary advances in self-supervised pre-training (Penarrubia et all, 2025) and post-OCR
correction for morphologically rich languages (Beshirov et al), 2025) further reduce residual errors,
yet accuracy still drops on severely degraded or non-Latin material.

2.2 HTR for Pre-Revolutionary Russian Orthography

Pre-1918 Russian employed four now-obsolete letters and mandated the hard sign at word-final po-
sition, producing an alphabetic gap that prevents direct transfer of modern Russian HTR models.
Potanin et al! (2021) address this mismatch with Digital Peter — 9k annotated lines from early-
18th-century manuscripts — and show that standard CRNN baselines incur triple the error typical
on Latin datasets. Kokorin et al! (2025) extract structured data from the Chronicle of Pushkin via a
hybrid OCR-plus-rule pipeline, reporting heavy manual post-editing despite modern engines. These
two studies constitute the entire publicly documented work on pre-revolutionary Russian, and nei-
ther exploits recent transformer or LMM advances. The severe data scarcity and the orthographic
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divergence thus remain the principal bottlenecks; curated corpora and lexicon-aware decoders are
immediate research priorities.

3 Corpus Description

The source material for this study comprises high-resolution color scans — digital facsimiles of
handwritten documents preserved in the State Historical Archive of the Russian Federation (Russian
State Historical Archive, 2024) and the Presidential Library (Presidential Library named after B.N
Yeltsin, 2024).

The corpus is characterized by a high degree of heterogeneity across multiple dimensions. From a
palaeographic perspective, it features a wide range of handwriting styles and graphical conventions.
Linguistically, the documents contain archaic morphological forms and diachronic orthographic vari-
ation. The physical condition of the sources varies considerably, resulting in uneven image quality.
Thematically, the dataset spans a broad spectrum of genres, including private correspondence, di-
ary entries, legal documents, and official reports. Structural layouts range from continuous prose
to decorated headings and formal symbolic elements. These combined factors define a corpus of
significant historical value and substantial computational complexity.

3.1 Dataset Composition

Figure 1: Example manuscript pages from the three datasets used in this study: Gubernatorial Re-
ports (left), Personal Diaries of Konstantin P. Pobedonostsev (center), and Statutory Charters (right).
The examples illustrate the diversity of handwriting styles, document structure, and historical orthog-
raphy encountered across different sources.

The corpus (38,501 lines) is organized into three distinct datasets, each reflecting a different type of
historical document (see Fig. [If):

 Gubernatorial Reports (19™-early 20" centuries) — 37,083 lines. These are official re-
ports submitted by provincial administrations to the central government of the Russian Em-
pire between 1804 and 1914. The content includes statistical tables, descriptive narratives,
and incident records from various provinces (Razdorskii, 2011). The general records in-
clude text describing the economic and social situation of the province, as well as appendices
in the form of dozens of tables with data on population dynamics, crop yields, industrial ac-
tivity, education, etc. The documents exhibit a uniform clerical font, standardized terminol-
ogy, and well-structured tabular formatting, but the number and structure of tables may have
changed over time. Our sample includes reports from more than 20 provinces of the Rus-
sian Empire with different climatic and economic characteristics (including Arkhangelsk,
Astrakhan, Moscow and Tobolsk).
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« Statutory Charters (19th century) — 5,868 lines. Statutory documents (charters) (19%
century) — 5868 lines . These legal documents were prescribed by the Emancipation Man-
ifesto of 1861 and record the transition of peasants from serfdom to a free state. Typically
featuring hybrid layouts with handwritten clauses and printed inserts, they detail financial
obligations, party lists, and administrative endorsements (Sofronenko, [1954). The stylistic
formality and juridical lexicon reflect their legislative function.

* Konstantin P. Pobedonostsev Personal Papers Collection (Diaries) (19th—20th cen-
turies) — 1,550 lines. A collection of private reflections by the statesman and legal scholar
who oversaw educational and ecclesiastical reforms. The texts offer insights into every-
day life, courtly affairs, and personal impressions. Written in a freeform style, they exhibit
emotional interjections, nonstandard constructions, orthographic irregularities, and exten-
sive manual corrections.

While the first two datasets reflect official documentation in polished chancery handwriting, the third
represents informal, idiosyncratic entries marked by irregular lineation, overwrites, and expressive
variation. The complete dataset is currently being prepared for public release to support future re-
search in historical document digitization.

3.2 Linguistic Specificity and Representativeness

All three datasets belong to a highly specific linguistic class characterized by pre-reform Russian
orthography, archaisms, and palaeographic idiosyncrasies. These factors impose additional demands
on HTR systems and necessitate domain expertise during annotation.

The corpus includes both formal administrative genres and spontaneous private writing, thus captur-
ing a broad spectrum of textual production practices in Imperial Russia. Despite being geographi-
cally limited to archival collections, the documents span a representative array of Eastern European
written forms from the 19™ to early 20" centuries. Stylistic and graphic features include syntactic
complexity, orthographic variability, nonstandard abbreviations, and a wide range of handwriting —
from chancery calligraphy to diary informality.

In total, over 38,000 lines were transcribed by domain experts, including historians trained in Old
Church Slavonic and pre-revolutionary Russian script. This expert-driven annotation is critical given
the rare and often ambiguous glyphs present in the sources.

3.3 Annotation Format and Procedure
The dataset partitioning follows standard machine learning practices with training, validation, and
test splits designed to ensure robust model evaluation:

Gubernatorial Reports (19th-early 20th centuries) — 31,083 lines:

* Train: 28,671 lines (92.2%)
* Validation: 1,191 lines (3.8%)
o Test: 1,221 lines (3.9%)

Statutory Charters (19th century) — 5,868 lines:

* Train: 4,441 lines (75.7%)
* Validation: 662 lines (11.3%)
» Test: 765 lines (13.0%)

Konstantin P. Pobedonostsev Personal Papers Collection (Diaries) (19th-20th centuries) — 1,550
lines:

* Train: 960 lines (61.9%)

* Validation: 264 lines (17.0%)

 Test: 326 lines (21.0%)
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The training sets were used for model parameter optimization, validation sets for hyperparameter
tuning and early stopping criteria, and test sets for final performance evaluation. The varying split
ratios reflect the different dataset sizes, with smaller collections allocated proportionally larger val-
idation and test portions to ensure statistically meaningful evaluation metrics.

The annotation process was conducted using the LabelStudio (Heartex, 2020) platform and followed
a two-stage pipeline: (1) line localization and (2) content transcription.

Stage 1: Line Localization. Two complementary techniques were employed depending on the
structural complexity of the source material:

* Bounding-box detection was applied to documents with regular layouts and well-separated
lines, specifically the Gubernatorial Reports and Statutory Charters. Each text line was
enclosed in an axis-aligned rectangle.

* Segmentation masks were used for the Personal Diaries, which often featured overlap-
ping, skewed, or irregularly spaced lines. This approach enabled finer-grained delineation
of visually entangled handwriting.

Stage 2: Line Transcription. Each localized line — regardless of whether it was detected via
bounding box or segmentation — was manually transcribed by expert annotators. The final anno-
tated unit thus consists of a paired representation: a cropped image of the handwritten line and its
corresponding textual content in UTF-8 format.

4  Architecture of the Recognition System

Our system adopts a two-stage architecture comprising YOLOVS8-based line segmentation (Redmon
et all, 2016) and TrOCR transformer-based text recognition (Li et al), 2023), trained on three man-
ually annotated datasets of late 19" to early 20" century manuscripts (totaling 38,501 lines). The
complete pipeline implements a four-stage process: image preprocessing, text line localization, op-
tical character recognition, and postprocessing This modular design ensures high accuracy under
challenging paleographic conditions.

4.1 Image Preprocessing

Each image undergoes a series of enhancement operations to optimize the quality of the input prior
to recognition. The preprocessing stage includes:

* noise suppression to remove background artifacts;
* contrast enhancement to improve text-to-background visibility.
Empirical evaluations confirmed that preprocessing consistently improves recognition accuracy

across all tested OCR architectures. It is therefore applied both during model training and infer-
ence.

4.2 Text Line Localization

A modified version of the YOLOvVS8 neural network (Redmon et all, 2016 is used for localizing
handwritten lines. The model performs both object detection and instance segmentation, enabling
precise identification of overlapping or distorted text lines.

YOLOVS was selected after benchmarking against alternative solutions (Tesseract OCR, EasyOCR,
CraftTextDetector), which proved unreliable on degraded or visually complex manuscripts. Training
was conducted on annotated data comprising bounding boxes and segmentation masks, yielding a
high localization accuracy (mAP = 0.98) on the validation set.

4.3 Text Recognition

Following localization, cropped line images are passed to the OCR component. The following ar-
chitectures were evaluated:



Under review as a conference paper at ICLR 2026

VGG-CTC: a baseline convolutional model with CTC decoding;

CRNN: a hybrid CNN-RNN-CTC architecture;

ResNet-BiLSTM-CTC: deeper convolutional layers combined with bidirectional LSTMs;
TrOCR: a transformer-based OCR model built on Vision Transformers LLi et al| (2023);

TrOCR,.: a fine-tuned variant of TrOCR pretrained on synthetic Russian lines and further
adapted using Russian and Kazakh handwritten datasets.

Among these, TrOCR,. consistently delivered the highest character-level accuracy and was selected
for downstream integration.

4.4 Postprocessing

To improve transcription quality, two postprocessing strategies were evaluated:

1.

2.

Dictionary-based correction:

* alexicon was constructed from the training corpus;

* Levenshtein-distance matching was used to suggest corrections;

* improvements were observed only on subsets with initially low accuracy.
LLM-assisted correction:

« the model received the erroneous OCR output and reference context;

» an LLM generated a corrected version based on semantic coherence;

» performance consistently degraded due to inappropriate historical substitutions.

5 Training and Inference Procedure

5.1 Training Pipeline

The training process followed a sequential pipeline composed of the following stages:

1.

Image preprocessing: All images were enhanced using the standard preprocessing routine
described in Sectioné prior to any downstream training.

. Data partitioning: The dataset was split into three subsets — train, validation, and test

— at the document level. Pages originating from the same source document were never
assigned to multiple subsets, thereby preventing content leakage.

. Detector and segmenter training: The YOLOVS architecture was trained on annotated

data using both bounding-box and segmentation-mask formats. This dual-format annotation
enabled the model to generalize across both well-structured and visually entangled layouts.

. Text recognition training:

* Line images were extracted from the localized regions.

* Each cropped line was paired with its corresponding transcription and used to train
OCR models, as detailed in Section B.3.

. Postprocessing optimization: For each postprocessing strategy, hyperparameters were

tuned to maximize evaluation metrics on the validation set. This included thresholding
for dictionary-based correction and alignment strategies for candidate selection.

5.2 Inference Workflow

During inference, the system operates as a unified pipeline:

1. Each input page is passed through the image preprocessing module.

. YOLOVS performs line localization using either bounding boxes or segmentation masks,

depending on the document type.
Localized line images are processed by the chosen OCR model (e.g., TrOCR ).

. Optional postprocessing is applied to refine the textual output.
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5.3 Model Adaptation and Fine-Tuning

To tailor the recognition pipeline to the characteristics of pre-revolutionary Russian manuscripts,
both detection and recognition components were adapted:

* YOLOVS was fine-tuned on historical documents annotated to capture the specificities of
early Cyrillic script, including characters with diacritical marks and obsolete graphemes.

* TrOCRy,. was initialized from pretrained weights and further fine-tuned on the task-
specific corpus. The adaptation included additional exposure to synthetic Russian strings.

6 Experiments and Evaluation

6.1 Comparison of HTR Architectures

To evaluate handwriting recognition performance, we conducted experiments with five model archi-
tectures:

1. VGG-CTC: a CNN architecture with CTC decoding (based on PyLaia);

2. CRNN: a hybrid model combining CNN and RNN layers with a CTC decoder (adapted
from wronnyhuang/htr);

3. ResNet-BiLSTM-CTC: deep convolutional layers followed by bidirectional LSTMs (from
the indic-htr project);

4. TrOCR: a transformer-based model with a Vision Transformer encoder, pre-trained on En-
glish handwriting corpora;

5. TrOCRy,.: the same architecture as TrOCR, further pre-trained on synthetic Russian lines
and fine-tuned on real handwritten Russian and Kazakh data.

We do not include general-purpose OCR engines as recognition baselines. Their default Russian
models target modern orthography and printed text and lack coverage of obsolete graphemes; with-
out retraining or custom alphabets they produce inconsistent or modernized outputs on pre-reform
handwriting, making results non-comparable. We therefore report only HTR architectures trained
on our corpus; off-the-shelf OCR was used, if at all, only for line-detection sanity checks.

The experimental results, summarized in Table [, demonstrate a clear advantage of transformer-based
models. The best overall performance was achieved by the YOLOV8 + TrOCR,. configuration,
reaching a CER of 8.5% across the full corpus. More granular metrics per document type are pre-
sented in Table [, where the same configuration achieved a CER of 4.8% on the Gubernatorial
Reports subset. Examples of system usage can be found in Appendix [A.

6.2 Component-wise Evaluation

6.2.1 Image Preprocessing

In ablations, image preprocessing improved both line localization and transcription accuracy. Be-
cause filtering operations (noise suppression, contrast enhancement) yielded consistent gains on the
validation set, we include them in the final pipeline.

6.2.2 Line Detection and Segmentation

We compared our detection module against standard tools (Tesseract OCR, EasyOCR, CraftTextDe-
tector). These baseline tools proved unstable when applied to historical manuscripts. In contrast, the
fine-tuned YOLOVS model unified detection and segmentation stages and achieved high localization
accuracy (mean average precision = 0.98).

6.2.3 Postprocessing

Postprocessing experiments yielded the following observations:
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* Dictionary-based correction helped in cases with low initial recognition quality but slightly
degraded performance when the base output was already accurate.

* Integration of large language models (LLMs) in the current setup led to distortion of the
original historical content and requires further investigation.

6.3 Final Results

The final CER and WER metrics reflect the cumulative error of the two-stage pipeline: line local-
ization and text recognition. As shown in Table , the YOLOV8 + TrOCR,. system achieved:

* CER = 8.5% and WER = 29.1% across the full corpus test-subset (2,312 lines), as detailed
in Table [,

* CER =4.8% and WER = 21.5% on the Gubernatorial Reports test-subset (1,221 lines), as
detailed in Table [.

To evaluate the recognition stage independently from detection quality, we conducted additional
experiments using manually annotated bounding boxes and segmentation masks. Under these ideal
conditions, TrOCRy,, achieved a CER of 7.2% and WER of 24.0%, highlighting the architecture’s
strong potential when accurate localization is provided.

Table 1: Overall CER and WER on the full corpus test-subset (2,312 samples)

Model CER (%) | WER (%)
VGG-CTC 18.4 50.3
CRNN 12.8 39.8
ResNet-BiILSTM-CTC 9.8 32.2
YOLOvVS8 + TrOCR 9.3 30.2
YOLOV8 + TrOCR 8.5 29.1

Table 2: CER and WER across individual test-subsets: Gubernatorial Reports, Statutory Charters,
and Personal Diaries

Model Gubernatorial Reports | Statutory Charters | Personal Diaries
CER WER CER WER CER WER
VGG-CTC 10.4 36.2 20.2 54.4 28.8 72.4
CRNN 7.9 30.1 13.1 423 24.5 63.2
ResNet-BiLSTM-CTC | 5.5 24.1 11.2 33.7 20.5 54.2
YOLOVS8 + TrOCR 5.2 23.5 10.5 32.6 20.1 535
YOLOV8 + TrOCR 4.8 21.5 9.4 30.8 19.0 50.0

7 Results and Discussion

Our evaluation on 2,312 test samples shows that transformer-based models consistently outperform
traditional CNN-RNN architectures for historical Russian HTR. The YOLOv8 + TrOCR., config-
uration achieved the lowest error rates (CER: 8.5%, WER: 29.1%), representing a 53.8% reduction
in CER compared to the VGG-CTC baseline (18.4% CER) as shown in Table [I.

The performance hierarchy follows a clear pattern: VGG-CTC < CRNN < ResNet-BiLSTM-CTC
< TrOCR < TrOCRpy., with each architectural advancement yielding measurable improvements.
Notably, language-specific pretraining (TrOCR,,. vs. TrOCR) provides consistent gains across all
document types, with improvements of 0.4-1.1% CER as evidenced in Table .

7.1 Document Type Impact on Recognition Accuracy

Recognition performance varies systematically across document types, correlating with their struc-
tural and linguistic characteristics (Table B). Gubernatorial Reports achieve the highest accuracy



Under review as a conference paper at ICLR 2026

(4.8% CER, 21.5% WER), followed by Statutory Charters (9.4% CER, 30.8% WER), and Personal
Diaries (19.0% CER, 50.0% WER) using the best-performing configuration.

The fourfold CER gap between formal documents and personal writing (4.8% vs. 19.0%) is consistent
with differences in handwriting regularity and linguistic standardization. The CER-to-WER ratio
also differs by type — 1:4.5 for formal documents vs. 1:2.6 for personal diaries — consistent with
shorter word lengths and greater lexical diversity in informal writing.

7.2 Training Data Requirements

Dataset size directly impacts model performance, particularly for complex document types. Per-
sonal Diaries, with only 960 training samples, show the highest error rates (19.0% CER) despite
representing the most challenging recognition task. In contrast, Gubernatorial Reports with 28,671
training samples achieve optimal performance (4.8% CER). This performance gap reflects the inher-
ent scarcity of preserved informal historical manuscripts from the Russian Empire period rather than
methodological limitations in dataset construction, as data scarcity compounds the inherent difficulty
of irregular handwriting styles.

7.3 Component Contribution Analysis

Ablation studies reveal that accurate line localization is critical for overall system performance.
When evaluated with manually annotated bounding boxes, TrOCR,. achieves 7.2% CER compared
to 8.5% CER in the full pipeline, indicating that detection errors contribute 1.3 percentage points to
the total error rate. On the validation set, the YOLOv8 model attains mAP = 0.98, indicating high
detection performance on this corpus.

Image preprocessing provides consistent improvements across all architectures, while postprocess-
ing methods show mixed results. Dictionary-based correction helps only when base accuracy is low,
and LLM-based correction degrades performance due to inappropriate historical text modifications.

This analysis establishes quantitative baselines for historical Russian HTR and shows that trans-
former architectures with language-specific pretraining achieve the lowest CER/WER among the
evaluated models.

& Conclusion

This study demonstrates that modern computer vision and natural language processing techniques
can be successfully adapted for handwritten text recognition (HTR) in historical documents of vary-
ing types. The best results were obtained using transformer-based architectures, particularly when
combined with language-specific pretraining and accurate line localization.

Recognition quality varied with the typology of the historical material. Official documents written
in calligraphic script achieved high accuracy (CER as low as 4.8%, WER 21.5%), whereas Personal
Diaries with individual handwriting styles were more challenging (CER up to 19%, WER 50.0%).
These findings highlight the need for a differentiated processing approach tailored to document type,
as well as the importance of constructing representative and typologically diverse training corpora.

The resulting system achieves a character error rate (CER) of 8.5% and a word error rate (WER) of
29.1% on a held-out test set, consistently outperforming other approaches across all three document
types (Gubernatorial Reports, Statutory Charters, and Personal Papers) in this domain and enabling
large-scale digitization of historical Russian archives.

The results establish a solid foundation for advancing automated processing of historical archival
materials. Furthermore, they open new opportunities for digital humanities research by enabling
scalable access to large volumes of previously unstructured handwritten sources.
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A Appendix

Here we can look at examples of documents and their transcripts in text form.

| —

Figure 2: Document example.

Listing 1: Results of text recognition on Figure

Huxonaesckoit

JKenesneii oporu, U3b APOBIHCKATO HACAXKICHSI U KyCTapHBIXb 3apOCIIei YIeIbHOMN JIECHOM
JTAY¥, TAKOE JKE TOYHO KOJHMUCCTBO BEIIUYH JICBATHAIIATH OCCATHHD, THICAYA IIUPUCTA
caxens (19-1300), 6e3b BRICOKaHAI TUTaHBI KU JISCHOH MaTepHualie Ha OHOMbB. O TOM, Te, TOIb
TaKOBOE PEBEpPCTaHE! MPOU3BECTH, 000JIee HOTO Ha BEIKOTUPOBKE Ch IIAHIIETA, KOTOpast
60oMb ObITH Tiepenana 8.7 Muposomy [Tocpe Huky. Ho He3aBucHMO cero, Ha OcHOBaHHI 49
CT. ymoMstHyTaro [1oroxKeHuns1, KpeCcThsIHEe OTKPHIS el OTh HUXb YIaCTKU CTCHAHSIOTCS B
CBOETO TMOJIb30BaHuU 10 5 Mapra 1866 rona, 6e3b BCSKOW TOTO IJIAThI, & Bb TE BPEMS
JTOJDKHO OBITh MCIIONIHEHO Bb HAType 03HAYCHHOE 37ICCh Pa3Bep CTBEHEI, O HA3HAYCHHBIMb
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JI0 coracsi Kpe CThsIHb Hapu3kaMb. [locite cero ccake mpenen He MOXeI0Kb, TO CMOTPE U3b
YUYaCTKU COXPAaHUTh Bb CBOEMb I10JIb30BaHUI, HA HE HHO HE, KaKb 10 0COO0MY I00pPOBOILHOM
TOTO JIOPY Cb yIeIbHbIMBb CONIaTCTBOMB, BOBCSIKAMH JKAIMXb OHBIS JOJDKHBI OTOMIENN N3b

KpecTpstHCKaro BU3emsli U MOCTYHUTh

Figure 3: Document example.

Listing 2: Results of text recognition on Figure

ITo

nene6HoMy YienbHbIMBb CeMbCKUM MepIIMKOMB [1aBiioM BacuibeBbIMb HAYMCIIEHHIO, HA MECTE,
0Ka3aJI0Ch, UTO JIECHATO, HAANMBIXb IPOCTPAHCTBD, Ma T€pHala UMEETCSI: APOBD CIOBBIXb Ha
CTO ABAJLATH JECST. ThICSUa CTa JAEeBIHOCTO BocMU KB. cax. (120-1198) cenokoca Tpuauarh
4eThIpe Ky0. cax..34 K. 10. 110 yTBEpXKIACHHOH e JlenapraMeHTOMb YIelIOBb Ha MepHOIb
pyOku 1863 roma i HeIHE IEHCTBYIONINIA TaKCe, YTO KOIMYECTHO JIECHBIXD MaTePHAIOBD, 10
LIEHEe Ha MPOoJia OHY OJIM3KAro pa3CTOsHsI, MECTa. IPOBb CIOBBIXb TPHLATH YEThIpE KyO.
cecok. To 1 p. 20 Korr. Ha caxXeHb COPOKB pyO. BocembecsTh konmnaeHs 40 p. 80 k. Oxuny,
Ha 9TOMb JIECHOM MaTepairbi, Mbl, KDECThSIHE 03HAYEHHOH AEPEBHH, COTJIACHBI K 003yeM cs
YIJIATUTH BB MOJIB3Y yAENa B /1Ba TOAA, M0 YTBEPXKIEHHH YCTaBHON IpaMo Th, a 1 YMaHellb,
OTh UMEHH YJIeTia, COIIaceHb Ha TAKOBYIO YCTYINKY UMb OHAro. YCIOBHE 3TO NPHOOIIUTE Kb
yCTaB HOW IpaMoTe Ha MOMSHYTYIO nepeBHIo Ha noanuuHoms Hanucano: Kb cemy

Listing 3: Results of text recognition on Figure §

IIEHHOTO

kpectbaHuHa KopueBckaro Yesna, nepesau Tpelimuxu Crenana AHapeeBa MIPOKUBAIOIIETO Bb
cemb Enb maxe YeraBHas [pamoTa mpouu TaHa ObLIa OTH CIIOBA JI0 COJOBBIXD HAUICKAITUMH
MTOSICHEHSIMU1, BCEXH ITyHKTOBS TPAMOTHI KPECThSIHE HA KaKUXb BO3PaXKECHH1 HETIPEIbIBIIH,
HA BCE CTaThU IPaMOThI U3BSBUJIM COTIACE] U MOJIIKCH €Ba MO JCTBEP/IIIIH, & TIOTOMY
[TocTaHoBNICHO TPaMOTy Ha OCHOBAHHUH 99 CT. MOJOXKEHS1 O KPeCThsI HAXh BOIBOPCHHBIX Ha
3emisix [ocymapeBs Xb J[BoprioBHYa U YIEIbHBIXD CYUTATh OKOHYATEh HO TIOBEPSHHOIO U
COCTaBUTEIISAXb. U HA OCHOBaHHUI 99 CTaThU TOTO K€ TIOJIOKCHHUS YTBEPAUTD TIOJIMH HBII
nonnucans: Konguaars Mu posaro Ilocpennuka Kpamopess.
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Figure 4: Document example.
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