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Abstract

Traditional Mongolian historical archives pose a challenging page-level document
analysis problem because the script is vertically written, cursive, low-resource, and fre-
quently degraded by aging paper, ink variation, seals, scanning rotation, and heteroge-
neous archive sources. Since expert transcription of handwritten traditional Mongolian
columns is expensive and currently unavailable, this work focuses on an upstream but
essential stage for full-page archival OCR: text-column detection and reading-order
recovery. We construct a page-level annotation protocol that records text-column
bounding boxes, ignored noise regions, orientation metadata, and reading order. We
compare classical rule-based extraction, YOLOv8n, and a COCO-pretrained Faster R-
CNN MobileNet detector with a rotation-aware reading-order recovery strategy. On
an independent 11-page test split, YOLOv8n improves the project-level IoU@0.5 F1
score from 0.582 to 0.745 and achieves 0.920 reading-order accuracy, while a COCO-
pretrained Faster R-CNN MobileNet baseline reaches 0.782 F1 after fine-tuning. We
further provide a crop-export-ready interface that can connect detected columns to an
OCR recognizer, while explicitly not reporting CER/WER because column-level expert
transcripts are not yet available. The study therefore provides an initial pilot-scale,
partially reproducible layout-analysis benchmark for subsequent traditional Mongolian
archival OCR research, subject to archive-image access restrictions.

Keywords: Historical document analysis; Traditional Mongolian archives; Text column
detection; Reading order recovery; Low-resource OCR preprocessing

1 Introduction

Full-page recognition of traditional Mongolian historical archives requires more than a recog-
nizer trained on isolated text lines. The input pages often contain many vertical handwritten
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Figure 1: Overview of the proposed page-level layout-analysis pipeline. The current study
evaluates text-column detection and reading-order recovery without requiring expert text
transcription.

columns, irregular spacing, red seals, page borders, paper stains, and inconsistent scan ori-
entations. If the text columns are not localized and ordered reliably, downstream OCR
modules receive incomplete or misordered crops, making page-level transcription unreliable.

In the present stage, expert transcription of handwritten traditional Mongolian archive
columns is not available. Rather than reporting unverifiable OCR accuracy, this paper fo-
cuses on the upstream page-layout problem that can be rigorously evaluated with bounding-
box and reading-order annotations. This setting is practically important: page-level layout
annotations are much cheaper to obtain than full textual transcription, and they form the
necessary bridge between scanned archive images and later recognition modules.

Our contributions are threefold. First, we define a page-level annotation protocol for
traditional Mongolian archives, including text-column boxes, ignore regions, orientations,
and reading order. Second, we provide an initial low-resource benchmark of rule-based
and learning-based column detection under a unified IoU@0.5 matching protocol. Third,
we implement a crop-export-ready interface that exports oracle and automatically detected
column crops, while clearly separating layout evaluation from future transcription-based
OCR evaluation.

2 Related Work

2.1 Historical Document Layout Analysis

Historical document image analysis has long treated segmentation as a prerequisite for re-
liable recognition. Likforman-Sulem et al. [1] review text-line segmentation methods for
historical documents and emphasize that degradation, background noise, and handwriting
variability make automatic page decomposition difficult. More recent dataset surveys also
show that historical document collections vary widely in script, layout, degradation, and an-
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notation granularity [2]. For archival manuscripts, baseline and line detection datasets such
as READ-BAD further highlight that realistic documents contain heterogeneous page layouts
and challenging degradations [3]. Traditional Mongolian recognition has also been studied at
word or character level, including large online handwriting resources such as MOLHW [9];
however, page-level layout analysis for handwritten historical Mongolian archives remains
underexplored. Our task is closely related to historical segmentation, but the target units
are vertical traditional Mongolian text columns rather than horizontal baselines or printed
regions.

2.2 Learning-Based Document Layout Detection

Large-scale document-layout datasets and toolkits have accelerated learning-based layout
analysis. PubLayNet introduced a large automatically annotated dataset for scientific-
document layout analysis [4], while DocLayNet provided diverse human annotations for mod-
ern document layouts [5]. LayoutParser demonstrated how deep-learning layout models can
be organized into reusable document-analysis pipelines [6]. Recent YOLO-style document-
layout models further show that one-stage detectors remain competitive for document analy-
sis when adapted to layout-specific scale and aspect-ratio variation [10, 11]. These resources
mainly focus on modern printed or PDF-derived documents, whereas our archive pages are
handwritten, vertically arranged, and affected by scanning rotation and cultural-heritage
degradation. We therefore train a lightweight detector on our own page-level annotations
instead of relying on off-the-shelf layout categories.

2.3 Reading Order and Recognition-Ready Preprocessing

Reading-order recovery is necessary for transforming detected regions into structured text.
Quirós and Vidal [7] show that handwritten document understanding still requires explicit
ordering beyond line recognition. Historical OCR frameworks such as OCR-D also treat
layout analysis, segmentation, and recognition as separate but connected stages [8]. Follow-
ing this pipeline view, we evaluate text-column detection and reading order independently,
and provide crop export for future recognition once expert column-level transcripts become
available.

3 Dataset and Annotation Protocol

The current dataset contains 62 valid traditional Mongolian archive pages after removing
Chinese handwritten archive pages and correcting pages with abnormal scan orientation. The
split contains 43 training pages, 8 validation pages, and 11 test pages. In earlier internal
files the training split was named train unlabeled because it had no text transcripts; in this
paper it refers to pages with layout annotations but without textual transcription. The
annotations include 931 valid text-column boxes and 153 ignored regions.

In addition to the split-level counts in Table 1, Table 2 summarizes the spatial distribution
of the current corpus. The pages are high-resolution scans with a median size of 6794 by 4830
pixels. The median page contains 16 valid text columns, while 38 of 62 pages contain at least
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Table 1: Page-level annotation statistics.

Split Pages TextColumn boxes Ignored boxes

train 43 660 84
val 8 108 19
test 11 163 50

total 62 931 153

Table 2: Dataset distribution statistics computed over the 62-page corpus. Width, height,
and bounding-box dimensions are measured in pixels.

Quantity Min Max Mean Median

Page width 4830 7396 6618.5 6794
Page height 4830 9594 5698.3 4830
Text columns per page 1 27 15.0 16
Ignore regions per page 0 9 2.5 2
Column-box width 109 871 257.4 252
Column-box height 182 8189 2873.7 3256

one Ignore region and 16 pages required rotation or orientation correction before annotation.
These statistics indicate that the dataset is small but layout-dense, with substantial variation
in column count, artifact frequency, and scan orientation.

Each non-ignored text column is annotated with a bounding box and reading-order index.
Ignored regions are used for non-text artifacts, ambiguous fragments, or areas that should
not be counted as false positives. After the initial IAA analysis revealed low Ignore agree-
ment, we refined the guideline to distinguish several recommended Ignore subtypes: seals or
stamps, stains and background noise, page borders or scanning edges, non-target-language
regions, ambiguous fragments, and unseparable artifact–text overlaps. These subtypes are
used as annotation guidance rather than separate detector classes in the current experiments.
Pages that were originally horizontal or upside down are relabeled after rotation so that the
annotation coordinate system matches the displayed image.

4 Method

4.1 Rule-Based Baseline

We evaluate three non-deep baselines before introducing YOLOv8n. The Sauvola-projection
baseline applies local thresholding followed by vertical projection valley detection. The
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Table 3: Inter-annotator agreement on the 5-page independent subset.

Metric Value

Box precision@0.5 0.929
Box recall@0.5 0.788
Box F1@0.5 0.852
Mean matched IoU 0.800
Reading-order pairwise agreement 0.677
Ignore F1@0.5 0.286

Table 4: Recommended Ignore subtypes used to refine the annotation guideline. The cur-
rent detector still evaluates a single Ignore category, but these subtypes clarify annotator
decisions.
Subtype Description

seal Red seals or archive stamps that may be confused with text regions
stain/noise Paper stains, ink bleed, background artifacts, or shadows
border/edge Page borders, scan edges, black margins, or binding shadows
non-target language Chinese or other non-target-language regions mixed into source folders
ambiguous fragment Fragmentary strokes too incomplete to define a text column
overlap-unseparable Artifact–text overlap that cannot be cleanly separated

connected-component baseline groups foreground components into candidate column re-
gions. The stronger rule-based baseline uses binarization, projection statistics, connected
components, and heuristic filtering to identify vertical text-column candidates. The image
is first converted to grayscale and binarized with an adaptive threshold. Vertical ink-density
projections are then computed to obtain candidate column intervals. Connected components
are used to suppress isolated stains and to estimate the vertical extent of each candidate.
Finally, candidates are filtered by width, height coverage, and ink density, and overlapping
candidates are merged before assigning a left-to-right reading order. This baseline is inter-
pretable and does not require training data, but it is sensitive to paper noise, faint ink, and
long-column over-merging. In the released code, all thresholds are fixed before test evaluation
and the same ignore-region filtering protocol is used for both rule-based and learning-based
predictions.

4.2 YOLOv8n Column Detector

We train a lightweight YOLOv8n detector [12] on page-level column boxes. YOLOv8n is
selected as a practical baseline because it is fast, widely reproducible, and suitable for small
custom detection datasets. The final detector is initialized from the public YOLOv8n weights
and trained for 50 epochs with image size 960 and batch size 1. A batch size of 1 is used
because full-page archive images are high resolution and the project was trained under lim-
ited local compute. The validation split is used only to select the confidence threshold.
The main reported setting uses threshold 0.35, which gives the best validation F1 under
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Figure 2: Example of the page-level annotation protocol. Green boxes indicate valid text
columns with reading-order indices, while gray boxes indicate ignored regions that should
not be counted as false positives.

the project-level IoU@0.5 matching metric. We do not claim architectural novelty in the
detector itself; the methodological contribution of this version is the page-level annotation
protocol, rotation-aware ordering, and transcript-free evaluation setting for traditional Mon-
golian archival pages.

4.3 Column-Aware Post-processing Diagnostic

To test whether explicit vertical-column priors improve detection, we additionally evaluate
a simple column-aware post-processing variant for YOLO predictions. Candidate boxes are
retained only if they satisfy validation-selected geometric constraints on confidence, aspect
ratio, relative height, and relative width. Specifically, for a box with width w, height h, page
width W , and page height H, the diagnostic filter keeps boxes satisfying s ≥ θ, h/w ≥ amin,
h/H ≥ rh, and rw,min ≤ w/W ≤ rw,max. The parameters are selected on the validation
split by F1. This module is not used as the main result because the small validation set
makes hand-tuned geometry priors prone to overfitting; it is included to clarify the trade-off
between column priors, recall, and reading-order robustness.

4.4 Faster R-CNN Detector Baseline

To address the need for a stronger detector comparison, we additionally fine-tune a Faster
R-CNN MobileNetV3-FPN detector initialized from COCO-pretrained weights. The classifi-
cation head is replaced with a two-class head for background and TextColumn. We fine-tune
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Table 5: Training-budget and threshold-selection protocol. Transfer baselines are diagnostic
rather than fully optimized comparisons because their architectures and pretraining domains
differ substantially.
Model Init. domain Epochs Image size Test threshold source

YOLOv8n COCO/general detection 50 960 validation F1, threshold 0.35
Faster R-CNN MobileNetV3-FPN COCO/general detection 5 960 max-side validation F1, threshold 0.80
RT-DETR-L general detection 5 640 validation F1, threshold 0.10
DocLayout-YOLO DocStructBench layout 5 1024 validation F1, threshold 0.03

for 5 epochs with learning rate 0.0005 and image max-side 960. The confidence threshold
is selected on the validation split, where 0.8 gives the best F1, and the selected threshold
is then applied unchanged to the test split. This baseline provides a two-stage detector
comparison against the one-stage YOLOv8n detector.

4.5 Document-Layout Detector Transfer Baselines

We also examine two additional transfer baselines that are commonly associated with mod-
ern document-layout detection: RT-DETR and DocLayout-YOLO. RT-DETR is initialized
from public pretrained weights and fine-tuned for 5 epochs at image size 640 under the
same train/validation/test split. DocLayout-YOLO is initialized from a DocStructBench-
pretrained checkpoint and fine-tuned for 5 epochs at image size 1024. For both baselines,
the confidence threshold is selected only on the validation split before test evaluation. These
models are included as supplementary transfer baselines because their pretraining domains
are dominated by modern printed document layouts, which differ substantially from sparse,
vertical, handwritten, and degraded archival columns. Because their training budgets are
not identical to YOLOv8n, we treat them as diagnostic transfer experiments rather than
fully optimized head-to-head comparisons.

4.6 Training-Budget and Threshold Protocol

Table 5 summarizes the training and threshold-selection protocol. The primary learned
comparison is between YOLOv8n and Faster R-CNN, both initialized from generic object-
detection weights and adapted to the TextColumn class. RT-DETR and DocLayout-YOLO
are reported separately to test whether modern document-layout priors transfer directly to
this archive domain. All fixed-threshold test results use a threshold selected on the validation
split, and no threshold is tuned on the test set.

4.7 Rotation-Aware Reading-Order Recovery

YOLO detections are unordered. For ordinary pages, detections are sorted by column center
from left to right. For pages relabeled after 90-degree rotation, the order is reversed. For-
mally, for detections bi = (x1i, y1i, x2i, y2i), the column center is ci = (x1i+x2i)/2; detections
are sorted by ci ascending for ordinary pages and descending for rotated pages. This step
changes only the reading-order field and does not modify detection boxes. The rule is inten-
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Table 6: Unified test-set comparison under IoU@0.5 matching. RO Acc. denotes reading-
order accuracy.

Method Prec. Rec. F1 Mean IoU RO Acc.

Sauvola + projection 0.333 0.245 0.283 0.646 0.996
Connected components 0.087 0.025 0.038 0.613 –
Heuristic column extraction 0.680 0.509 0.582 0.831 0.907
YOLOv8n + rotation-aware order 0.919 0.626 0.745 0.767 0.920
Faster R-CNN MobileNet + rotation-aware order 0.917 0.681 0.782 0.738 0.860

tionally simple and transparent, and its limitations on multi-block or irregular layouts are
discussed in Section 6.

4.8 Crop-Export Interface

The pipeline exports both oracle crops from ground-truth boxes and detected crops from
YOLO boxes. These crops can be passed to an existing OCR recognizer. However, because
no expert column-level transcripts are currently available, CER/WER is not reported in this
paper.

5 Experiments

5.1 Evaluation Metrics

Column detection is evaluated with greedy IoU@0.5 matching. Given true positives TP , false
positives FP , and false negatives FN , we compute P = TP/(TP + FP ), R = TP/(TP +
FN), and F1 = 2TP/(2TP + FP + FN). Mean IoU is averaged over matched prediction–
ground-truth pairs. Reading-order accuracy is pairwise: for every pair of matched columns,
we check whether the relative order of the two predictions is consistent with the relative
order of their matched ground-truth columns. Predictions substantially overlapping ignored
regions are not counted as false positives. In response to the strict page-level nature of
archival processing, we also report complete detection rate, full-page success rate, Kendall’s
τ , Spearman’s ρ, and stratified performance by page type. Complete detection requires all
valid columns on a page to be matched with no false positives or false negatives; full-page
success additionally requires perfect matched-pair reading order. To quantify the uncertainty
caused by the small test set, we perform page-level bootstrap resampling with 1000 samples
and report 95% confidence intervals for P/R/F1.

5.2 Main Results

Table 6 compares two classical baselines, the improved rule-based pipeline, and two learning-
based detectors. The simple Sauvola-projection baseline obtains high order accuracy only on
the few matched boxes, but misses most columns. Connected components performs poorly
because stains, broken strokes, and large handwriting components do not correspond to
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Table 7: Raw detection counts for the main test-set comparison. All methods are evaluated
against 163 non-ignored ground-truth text columns.

Method Pred. TP FP FN

Sauvola + projection 120 40 80 123
Connected components 46 4 42 159
Heuristic column extraction 122 83 39 80
YOLOv8n + rotation-aware order 111 102 9 61
Faster R-CNN MobileNet + rotation-aware order 121 111 10 52

Table 8: Supplementary page-level and reading-order metrics on the test split. Complete
detection requires zero false positives and zero false negatives on a page; full-page success
additionally requires perfect reading order among matched columns.

Method Complete det. Full-page success Kendall τ Spearman ρ

Heuristic column extraction 0.000 0.000 0.813 0.812
YOLOv8n + rotation-aware order 0.000 0.000 0.840 0.810

complete vertical text columns. The heuristic column-extraction pipeline is substantially
stronger than these classical baselines, while both learned detectors further improve preci-
sion, recall, and F1. Faster R-CNN obtains the highest F1 in this setting, whereas YOLOv8n
achieves the highest reading-order accuracy and slightly higher precision. The rule-based
method has a higher mean IoU on successfully matched boxes, but its recall is much lower
because degraded and short columns are often missed. To make the fixed-threshold evalua-
tion auditable, Table 7 reports the underlying TP/FP/FN counts used to compute the main
metrics.

The strict page-level metrics in Table 8 are intentionally more demanding than box-level
F1. Neither method fully solves every page, because even one missed column or one extra
column makes complete detection fail. However, the matched-order correlations remain high,
indicating that the remaining difficulty is dominated more by missed columns and boundary
decisions than by global order reversal after the rotation-aware rule is applied.

Table 9 provides diagnostic observations rather than statistically stable subgroup conclu-
sions, because several groups contain only one or two pages. The detector performs best on
the no-ignore page and remains reasonably strong on many-column pages, but it is weak on
the single few-column test page and recall drops on rotated pages. This supports the fail-
ure analysis that fixed confidence thresholds and orientation-specific cases remain important
targets for future improvement.

Table 10 reports two additional detector-transfer attempts. Both perform much worse
than the task-specific YOLOv8n and Faster R-CNN baselines. The main failure mode is a
large number of low-quality candidate regions or a mismatch between modern layout cate-
gories and the target TextColumn unit. Because these models were not trained with the same
budget as YOLOv8n, we interpret them conservatively as diagnostic evidence of non-trivial
domain transfer rather than as definitive model rankings.
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Table 9: Stratified YOLOv8n test performance under IoU@0.5. These groups are not mutu-
ally exclusive; they diagnose sensitivity to page complexity, orientation, and ignored regions.

Group Pages Prec. Rec. F1

Few columns (≤5) 1 0.000 0.000 0.000
Medium columns (6–15) 5 0.943 0.579 0.717
Many columns (>15) 5 0.908 0.663 0.767
Rotated pages 2 1.000 0.357 0.526
Pages with Ignore regions 10 0.910 0.574 0.704
No-Ignore page 1 0.955 0.955 0.955

Table 10: Supplementary transfer-detector baselines under the same validation-selected
threshold protocol. These negative results suggest that off-the-shelf modern document-layout
priors transfer poorly to sparse vertical handwritten archive columns without stronger do-
main adaptation.

Method Prec. Rec. F1 Mean IoU RO Acc.

RT-DETR-L + rotation-aware order 0.032 0.270 0.058 0.632 0.847
DocLayout-YOLO + rotation-aware order 0.046 0.031 0.037 0.572 0.000

5.3 Effect of Training Set Size

We also monitored YOLOv8n performance as additional page-level annotations were added.
Table 13 reports Ultralytics-style detection metrics. Increasing the training set from 7 to 43
pages improves test recall from 0.453 to 0.801 and mAP50 from 0.540 to 0.825, confirming
that even moderate additional layout annotation substantially improves generalization.

5.4 Threshold Sensitivity

Table 16 shows that explicit vertical-column priors can improve validation F1 and test
reading-order accuracy, but they reduce test recall and F1. We therefore keep the simpler
validation-selected YOLO threshold as the main setting and treat column-aware filtering as
a diagnostic experiment rather than a claimed improvement. This negative result is useful
because it indicates that future column-aware modeling should be learned or regularized
more robustly instead of relying only on hand-tuned geometric thresholds.

5.5 Qualitative Analysis

The qualitative examples show that YOLOv8n reduces many false columns caused by noise
and page borders, while also recovering more degraded columns than the rule-based method.
Remaining errors are concentrated on few-column pages, pages with severe over-merging,
and ambiguous noisy regions.
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Table 11: Supplementary strict-localization comparison at IoU@0.75. Compared with Ta-
ble 6, the stricter threshold penalizes boundary errors more heavily.

Method Prec. Rec. F1 Mean IoU RO Acc.

Heuristic column extraction 0.500 0.374 0.428 0.908 1.000
YOLOv8n + rotation-aware order 0.559 0.380 0.453 0.826 0.925
Faster R-CNN MobileNet + rotation-aware order 0.355 0.264 0.303 0.830 0.942

Table 12: Page-level bootstrap 95% confidence intervals on the 11-page test split.

Method Precision 95% CI Recall 95% CI F1 95% CI

Heuristic column extraction [0.515, 0.816] [0.359, 0.673] [0.427, 0.735]
YOLOv8n + rotation-aware order [0.821, 0.979] [0.468, 0.792] [0.601, 0.866]
Faster R-CNN MobileNet + rotation-aware order [0.867, 0.958] [0.568, 0.820] [0.689, 0.879]

5.6 Ablation of Ignore Filtering and Rotation-Aware Ordering

Table 17 evaluates two post-processing choices at the selected confidence threshold 0.35.
Removing ignore-region filtering increases false positives from 9 to 12 and reduces F1 from
0.745 to 0.736; in other words, only three YOLO predictions are suppressed by Ignore-region
overlap on the test split. Removing rotation-aware ordering does not change detection F1,
because boxes are unchanged, but reduces reading-order accuracy from 0.920 to 0.820. This
confirms that the rotation-aware rule specifically improves ordering rather than detection
localization, while the Ignore protocol has a measurable but limited effect on precision.

5.7 Inference-Size Sensitivity

To partially examine the effect of image resolution without retraining the detector, we run
the same YOLOv8n checkpoint with three inference sizes on the test split. Table 18 shows
that 640 is faster but misses many columns, while 1280 increases recall but also introduces
more false positives and higher runtime compared with 960. The selected 960 setting is
aligned with the main project-level evaluation protocol and offers the best F1-speed balance
in this local CPU evaluation.

5.8 Runtime Analysis

We measure inference time on the 11-page test split using local CPU execution. The rule-
based pipeline requires 1.84 seconds per page on average, while YOLOv8n requires 0.19
seconds per page at image size 960 after a one-image warm-up. These measurements indicate
that the learning-based detector is not only more accurate under the main metric, but also
faster in the current implementation.
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Table 13: YOLOv8n performance with different numbers of annotated training pages. These
metrics follow the detector evaluation output and complement the project-level IoU@0.5
comparison in Table 6.

Training pages Test Prec. Test Rec. Test mAP50 Test mAP50–95

7 0.592 0.453 0.540 0.215
20 0.806 0.712 0.810 0.355
43 0.818 0.801 0.825 0.414

Table 14: Validation threshold sensitivity for YOLOv8n. The final threshold is selected on
the validation split, not on the test split.

Threshold Val Prec. Val Rec. Val F1

0.25 0.746 0.787 0.766
0.30 0.812 0.759 0.785
0.35 0.876 0.722 0.792
0.40 0.873 0.639 0.738

5.9 Failure Analysis

The remaining errors can be grouped into five categories. First, few-column pages are sensi-
tive to a fixed confidence threshold; for example, some valid columns may be filtered out at
threshold 0.35. Second, rule-based methods tend to over-merge multiple short text segments
into long boxes, producing simultaneous false positives and false negatives under IoU match-
ing. Third, rotated or upside-down scans require explicit orientation handling, otherwise the
box order may be geometrically valid but semantically reversed. Fourth, red seals, paper
stains, and edge shadows still introduce ambiguous regions that require either ignore anno-
tations or stronger artifact modeling. Fifth, the diagnostic column-aware post-processing in
Table 16 shows that hand-tuned vertical-column priors can overfit validation statistics and
reduce test recall, motivating learned or data-adaptive column priors in future work.

6 Discussion and Limitations

This study intentionally focuses on layout analysis rather than transcription-based OCR ac-
curacy. To assess annotation reliability, we also asked an independent annotator to label a
5-page subset. The resulting agreement is moderate to strong for text-column boxes (F1@0.5
= 0.852) and mean matched IoU (0.800), while reading-order agreement is lower (0.677), re-
flecting the ambiguity of some multi-column pages. Ignore-region agreement remains weaker
and is now explicitly treated as a limitation rather than a polished result; the refined Ig-
nore subtypes in Table 4 are intended to improve future annotation consistency. Since
expert transcription of handwritten traditional Mongolian columns is unavailable, reporting
CER/WER would be misleading. The current pipeline is nevertheless crop-export-ready: it
can export oracle and automatically detected column crops and connect them to a recognizer
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Table 15: Approximate project-level confidence-sweep AP on the test split. AP is computed
by sweeping the confidence threshold over project-level predictions and applying the same
ignore-region filtering protocol.

Method AP@0.50 AP@0.75

YOLOv8n + rotation-aware order 0.810 0.321
Faster R-CNN MobileNet + rotation-aware order 0.806 0.130

Table 16: Diagnostic column-aware YOLO post-processing. The parameters are selected on
validation F1. The result is not used as the main setting because it improves validation F1
but reduces test recall, illustrating overfitting risk from hand-tuned geometric priors.

Setting Split Prec. Rec. F1 Mean IoU RO Acc.

Main YOLO threshold 0.35 test 0.919 0.626 0.745 0.767 0.920
Recall-oriented threshold 0.30 test 0.894 0.675 0.769 0.760 0.830
Column-aware prior filter val 0.940 0.722 0.817 0.784 0.821
Column-aware prior filter test 0.919 0.558 0.695 0.761 0.965

once reliable transcripts are added.
Important limitations remain. A fixed confidence threshold can miss few-column pages;

rule-based post-processing may over-merge multi-segment columns; and pages with seals or
strong background noise still require more robust artifact handling. Ignore-region agreement
in the 5-page IAA subset is lower than box agreement, suggesting that even the refined
Ignore subtype guideline requires more examples and annotator training before it can be
considered mature. The project-level AP results in Table 15 and the stricter IoU@0.75 results
in Table 11 show that boundary precision remains challenging, especially under high-overlap
evaluation. The current test split is also small, so the bootstrap intervals in Table 12 should
be interpreted as an honest uncertainty estimate rather than a final large-scale benchmark.
The transfer baselines in Table 10 also suggest that modern document-layout detectors do
not automatically solve this historical archive setting, but the unequal training budgets in
Table 5 mean that these results should be interpreted as diagnostic transfer tests rather than
final optimized comparisons; stronger domain adaptation, column-aware pretraining, and
fairer compute-matched retraining remain necessary. Faster R-CNN was not exhaustively
optimized in this study; its strong IoU@0.5 result suggests that two-stage detection deserves
further investigation under a compute-matched protocol. Future work will add a small
expert-transcribed subset, enabling oracle-crop and detected-crop CER/WER evaluation.
The inference-size sensitivity in Table 18 is only an inference-only ablation; full retraining
at different image sizes remains future work.

7 Conclusion

We presented a pilot-scale page-level layout-analysis benchmark for traditional Mongolian
historical archives under a realistic low-resource condition where expert text transcription
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Table 17: Ablation of ignore-region filtering and rotation-aware reading order at score thresh-
old 0.35. Removed denotes predictions suppressed because they overlap an Ignore region.

Configuration Prec. Rec. F1 RO Acc. FP/FN Removed

Full: ignore + rotation-aware order 0.919 0.626 0.745 0.920 9 / 61 3
w/o rotation-aware order 0.919 0.626 0.745 0.820 9 / 61 3
w/o ignore filtering 0.895 0.626 0.736 0.920 12 / 61 0
w/o both 0.895 0.626 0.736 0.820 12 / 61 0

Table 18: Inference-size sensitivity using the same trained YOLOv8n checkpoint and score
threshold 0.35. This is an inference-only ablation, not a retraining experiment.

imgsz Prec. Rec. F1 Mean IoU RO Acc. Mean s/page

640 0.888 0.485 0.627 0.779 0.932 0.182
960 0.919 0.626 0.745 0.767 0.920 0.193
1280 0.773 0.669 0.717 0.766 0.947 0.489

is unavailable. By shifting the evaluation focus to text-column detection and reading-order
recovery, the proposed workflow provides an initial benchmark and a partially reproducible
crop-export interface for future archival OCR. Learning-based detectors with rotation-aware
reading-order recovery substantially outperform the heuristic baseline on the independent
test split. YOLOv8n achieves 0.745 F1 and 0.920 reading-order accuracy, while Faster R-
CNN MobileNet achieves 0.782 F1 after COCO-pretrained fine-tuning. However, the com-
plete detection rate and full-page success rate are still 0 on the current test split; therefore the
present system should be viewed as a candidate crop generator rather than a fully automatic
page-level OCR preprocessing solution.

Data Availability

The current project materials include the annotation schema, page-level annotation files,
split manifests, evaluation scripts, trained-detector configuration notes, and generated pre-
diction files. These non-image research artifacts can be shared with reviewers or released
publicly when allowed by project policy. The archive images themselves are subject to in-
stitutional access constraints and should be released only according to archive data-sharing
policy. Complete end-to-end reproduction therefore requires authorized access to the original
archive images, while metric computation can be reproduced from the shared annotations
and prediction files.
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Table 19: Runtime on the 11-page test split under local CPU execution.

Method Device Mean s/page Median s/page

Heuristic column extraction CPU 1.843 1.729
YOLOv8n + rotation-aware order CPU 0.193 0.196
Faster R-CNN MobileNet + rotation-aware order CPU 0.168 0.162
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Figure 3: Representative page-level comparisons. Each row shows ground truth, rule-based
predictions, and YOLOv8n predictions. Green denotes valid text columns, gray denotes
ignored regions, red denotes rule-based detections, and blue denotes YOLO detections.
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