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Abstract

Reducing a document's working grid saved processing time while losing foreground accuracy in this
experiment. Ten H-DIBCO 2018 pages were processed at native resolution and at approximately half
each dimension, with a correspondingly reduced local threshold window. The smaller pipeline used about
one quarter of the working pixels and had a geometric mean latency ratio of 0.300, while mean
foreground F1 fell from 0.648 to 0.629. Timing includes reduction and binary expansion back to the
original grid. The result describes a specific digital processing policy on one CPU, rather than a general
speed or quality guarantee.

Exploratory research draft. One public document cohort and one CPU timing session; final scientific, originality, and
document review remains pending.
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Document-Processing Tradeoff

> Exploratory research draft. One public document cohort and one CPU timing session; final scientific,
originality, and document review remains pending.

Abstract

Reducing a document's working grid saved processing time while losing foreground accuracy in this
experiment. Ten H-DIBCO 2018 pages were processed at native resolution and at approximately half each
dimension, with a correspondingly reduced local threshold window. The smaller pipeline used about one
quarter of the working pixels and had a geometric mean latency ratio of 0.300, while mean foreground F1
fell from 0.648 to 0.629. Timing includes reduction and binary expansion back to the original grid. The
result describes a specific digital processing policy on one CPU, rather than a general speed or quality
guarantee.

1. Resolution is a resource decision with an output cost

Document-processing pipelines can reduce their working image dimensions to avoid filtering every
original pixel. That can be attractive when many pages must be processed, but the smaller representation
also changes what the algorithm observes. Fine variations are averaged, thresholds are computed on
another grid, and the resulting mask must be mapped back to the original document. A resource
comparison should therefore evaluate both the actual time saved and the accuracy of the final output on a
common support.

The research question asks what foreground accuracy and measured processing-time tradeoff follows
from halving the working grid while approximately rescaling a frozen local threshold window. The
official H-DIBCO 2018 cohort Pratikakis et al., 2018 supplies ten handwritten pages and paired binary
references. We process each page through two declared policies and score both against the full-resolution
reference. This prevents a smaller output array from appearing accurate simply because its difficult
fine-scale content has also been removed from the evaluation target.

Meng et al., 2025 develop zero-shot inpainting of oracle-bone inscription rubbings with a visual Mamba
component. Its restoration setting motivates careful treatment of document content when reducing
computation. Our experiment is a binarization study, not an implementation of that model. It does not
reconstruct absent strokes, assess archaeological authenticity, or measure character recognition. The
connection is the practical need to distinguish a cheaper image-processing representation from evidence
that meaningful content has been preserved.

Two propositions guide the comparison. A smaller grid should reduce some numerical filtering work, but
actual latency also depends on resampling, allocation, and expansion overhead. The change in foreground
accuracy is an empirical question because averaging can remove noise as well as useful detail. We
therefore do not assume that the smaller policy must improve or worsen every page. The design saves
both page-level accuracy differences and repeated measured processing times, with neither outcome used
to retune the policies on held labels.



2. Digital reduction and the information boundary

Sampling theory Shannon, 1949 gives a conceptual reason to distinguish reducing a representation from
preserving all its information. Its idealized signal assumptions are not established for these already
sampled document images. We do not claim a band-limited recovery guarantee or calculate an optical
sampling limit. The relevant empirical fact is that digital area reduction combines original pixels before
the threshold rule acts. Later nearest-neighbor expansion enlarges the binary mask but does not restore the
original intensity observations.

Structured recovery work Candes and Plan, 2010 likewise depends on assumptions about the data and
observation process. No such recovery method is used here. The smaller pipeline simply produces a mask
from its reduced grayscale image. It may retain sufficient information for some foreground decisions and
lose information important to others. That limitation should be evaluated through the actual target mask,
rather than treating a reduction in array size as equivalent to lossless compression or a reconstruction
guarantee.

The intervention also differs from acquiring the same document with another camera. Unprocessing
research Brooks et al., 2018 and low-light reconstruction work Chen et al., 2018 concern imaging
pipelines and raw measurement conditions that our released images do not identify. We have no camera
calibration, optical resolution, or physical pixel size for this comparison. Half-resolution therefore means
a software transformation of the available array, not a verified change in sensor resolution, scanner
quality, or capture distance.

The image algorithm is Sauvola's local binarization rule Sauvola and Pietikdinen, 2000. Its native
configuration uses a fifty-one-pixel window and coefficient 0.2, inherited from an earlier-cohort source
selection record. The half-grid configuration uses a twenty-five-pixel window and the same coefficient.
Twenty-five approximates half of fifty-one while remaining an odd window size. It does not exactly
preserve an independently calibrated physical neighborhood. Both grid formation and this window
rounding are components of the processing-policy change.

Otsu's global histogram threshold Otsu, 1979 provides another binarization construction and is the
comparator in the companion cohort study. We do not switch between global and local algorithms in the
present timing contrast. Keeping the algorithmic family fixed focuses the question on its working
representation and associated window adjustment. A separate reduced-grid Otsu experiment could have
another quality-time relationship, but that result is not available from the local-rule comparison reported
here.

3. Two complete processing paths

The source archive contains ten native-resolution images and their paired binary ground truths. ZIP
integrity, image-reference dimensions, binary reference values, source URLs, and file hashes are checked
and retained. Grayscale source arrays are decoded before timing. The native pipeline converts the array to
floating numerical values, computes local mean and variance with reflection boundaries, applies the
declared threshold, and returns a binary mask on the original grid. Its reference standard-deviation scale
remains 128 for the eight-bit intensity range.

The reduced pipeline uses Pillow's BOX reduction to a width and height equal to the ceilings of half the
originals. It then applies the twenty-five-pixel threshold window to that smaller eight-bit grayscale array.
Finally, nearest-neighbor expansion maps the binary result back to the exact original dimensions. The
output is scored at that size. Because original dimensions can be odd, the total working-pixel ratio is not
exactly one quarter; the observed ratio across the cohort is 0.2502058.



The reduction combines area averaging, eight-bit representation of the smaller image, a new
neighborhood grid, and binary expansion. We do not attribute any accuracy change solely to one of those
operations. A crossed experiment holding the intermediate intensity precision or window footprint
separately fixed would be required for that decomposition. Here the policy is a concrete deployable
sequence of operations, which makes its total quality-time tradeoff measurable without claiming to isolate
every internal mechanism.

Numerical array and filtering operations use NumPy Harris et al., 2020 and SciPy Virtanen et al., 2020.
Local variance is computed from the second moment minus the squared mean, with negative roundoff
clamped to zero before the square root. Numerical-analysis discussion Higham, 2002 and floating-point
arithmetic guidance Goldberg, 1991 motivate recording that detail. The clamp is part of the implemented
algorithm, not a data exclusion or a mechanism for improving a selected page after examining its
reference mask.

The native baseline intentionally matches the companion earlier-to-later cohort analysis. All ten native
per-page F1 values agree with that saved record within the declared numerical tolerance. This is a
consistency check on shared inputs and implementation. It is not an independent replication in another
dataset. The current question changes the processing grid and records timing; the companion question
selected a rule on one competition cohort and evaluated it on another.

4. What the timer includes

Describe

:[ Two full processing paths timed
12 balanced repetitions per policy

Same ten source document arrays ]
Paired original-grid binary references J

Condition

Summarize

Native grid / ceil half dimensions

51/ 25 window; coefficient 0.2 .
Page F1 and median log latency

Ten paired rows; HC3 and t9

RAM processing only; includes reduction and expansion; one CPU session; changed grid and rounded window are a combined policy.

Figure 1. Shared source pages, native and reduced processing paths, and original-grid outcomes.

Figure 1 defines a paired processing-policy comparison. Each path begins from the same already decoded grayscale
array, and each returns an original-grid binary mask. Timing includes array conversion and threshold computation for
the native path. For the reduced path it additionally includes image reduction, conversion of the smaller array, and
expansion of its binary output. Input decoding, disk access, reference loading, metric calculation, source parameter
selection, and writing result files are outside the measured interval.

The timing record contains two warm-up calls per policy per page, followed by twelve measured
repetitions per policy. For every page, six repetitions run native first and six run reduced first; their order
is shuffled with seed 20261107. The outcome for each policy is that page's median measured duration.



This reduces dependence on a single observed call but does not remove all background-load effects. No
processor affinity, thread-count override, or claim of an otherwise idle machine is imposed.

The measured session uses the recorded AMD64 processor environment, Python 3.12.14, NumPy 2.5.4,
SciPy 1.18.1, and Pillow 13.0.0. The monotonic performance-counter resolution is one ten-millionth of a
second. These details make the scope of the numbers inspectable. Benchmarking cautions in Mytkowicz
et al., 2009 and Kalibera and Jones, 2013 explain why another session or machine can yield different
latency values. Reproduction should verify the processing and quality calculations without requiring
timing files to be byte-identical.

The roofline framework Williams et al., 2009 provides context for distinguishing data volume from
execution constraints. We do not measure memory bandwidth, processor utilization, or a hardware
roofline. A quarter of the working pixels is therefore not a proof of a quarter of the time. Resampling and
expansion add work, and array allocation or caching can alter the relationship. The actual paired timer
measures the declared paths, while the pixel ratio describes their representation sizes.

5. Accuracy and latency estimands

Foreground F1 is calculated against every original-grid reference pixel. Black reference pixels are the
foreground class. The two policies share the same reference and metric definition for each page. The
quality contrast is reduced-pipeline F1 minus native-pipeline F1. This is a difference in a bounded
binary-classification summary, not an intensity mean squared error, an OCR score, or a measure of
whether an individual stroke remains meaningful to a human reader.

The latency contrast is the natural logarithm of the reduced page-median duration divided by the native
page-median duration. Exponentiating its equal-page mean yields a geometric mean latency ratio. We also
report the arithmetic mean of each policy's ten page medians. These summaries weight the cohort
differently and should not be conflated. None is a measurement of whole-archive throughput that includes
disk reading, queueing, or parallel execution of many documents.

Two intercept-only OLS models summarize the paired page contrasts, with HC3 standard errors and t
references using nine degrees of freedom. The robust covariance tradition White, 1980 motivates stating
the estimator, while dependence guidance Cameron and Miller, 2015 discourages counting pixels or
timing repetitions as additional independent document observations. The regression N is ten for each
outcome. No controls or fixed effects are added, and R-squared is zero because the models estimate means
only.

Intervals condition on these source pages, the inherited rule, and the observed timing session. They do not
incorporate a new hardware sample, a repeated source-parameter search, or population coverage of
scanner and handwriting types. Structured validation Roberts et al., 2017 and model-selection concerns
Varma and Simon, 2006 help define that boundary. The held binary references are used to evaluate the
declared reduction policy, not to choose a more favorable reduced window after inspecting its quality loss.

6. The smaller pipeline saves time and loses F1

Native mean foreground F1 is 0.6479992; the reduced pipeline has 0.6289004. Their paired mean
difference is negative 0.0190987, with standard error 0.0048985 and interval from negative 0.0301800 to
negative 0.0080175. Nine pages have a negative F1 difference and one has a positive difference. This is
evidence of a quality loss for the declared finite-cohort policy comparison, while leaving readability and
other image-quality dimensions unmeasured.



The geometric mean latency ratio is 0.2999117. Its log-scale mean is negative 1.2042672, with standard
error 0.0470388 and interval from negative 1.3106763 to negative 1.0978581. Across page medians, the
arithmetic mean duration is 36.179085 milliseconds for native processing and 11.250155 milliseconds for
the reduced path. These are measured RAM-resident processing durations in one session. They are not an
end-to-end service-level latency or a universal hardware speedup claim.

Table 1. Paired original-grid quality and processing-latency contrasts

Model Term Estimate (SE) 95% CI N

Ml Mean outcome/contrast ~ -0.0191 (0.0049) [-0.0302, -0.0080] 10
M1: fit R-squared = 0.0000 - - 10
M2 Mean outcome/contrast ~ -1.2043 (0.0470) [-1.3107, -1.0979] 10
M2: fit R-squared = 0.0000 - - 10

Model labels: M1 = Half-resolution minus native foreground F1; M2 = Half-resolution versus native
median-processing log latency ratio.

Table 1 reports intercept-only OLS means, HC3 standard errors, t9 intervals, and ten page observations. M1 estimates
reduced-minus-native foreground F1; M2 estimates the log of the reduced-to-native page-median processing-time
ratio. No covariate controls or fixed effects enter either model. Timing includes each declared processing path but
excludes disk access and evaluation. The quality and timing contrasts use the same ten pages and are not independent
replications of one another.

The per-page quality differences are not identical in magnitude. The largest loss in this cohort is about
0.045374 on page eight, while page nine improves by about 0.004381. We do not change the reduction
rule for those pages or remove them as exceptions. Influence diagnostics such as those introduced by
Cook, 1977 could examine a richer fitted model, but the saved paired page record already makes the
simple heterogeneity visible. The average tradeoff should retain that distributional context.

7. What kind of quality was preserved?

Foreground agreement is only one image evaluation. Structural similarity Wang et al., 2004, learned
perceptual similarity Zhang et al., 2018, structure-texture similarity Ding et al., 2020, and feature
similarity Lin Zhang et al., 2011 define other ways to compare images. No score from those methods is
inferred from the F1 change. In particular, a smoother-looking reduced image could still lose a thin
foreground element, while a detailed mask can include false foreground. Neither possibility is resolved by
the current table without calculating the relevant additional outcome.

Blind assessment methods such as BRISQUE Mittal et al., 2012, NIMA Talebi and Milanfar, 2017,
MUSIQ Ke et al., 2021, and MANIQA Yang et al., 2022 also target different evaluative objects. They are
not run here, and their expected behavior cannot be deduced from the latency ratio. An apparently
acceptable global quality score would not establish that binarized content is preserved. A future
comparison should specify whether its objective is pixelwise foreground extraction, perceived
appearance, character recognition, or a downstream archival decision, then measure that object directly.

The resource conclusion also remains conditional. A user with a tolerable foreground-loss budget might
value the observed processing reduction; another task might treat the lost content as unacceptable. We do
not choose that utility on behalf of an archive or infer it from p-values. Acquisition costs, storage formats,
transfer latency, and OCR consequences are absent. The result identifies the measured quality-time pair



for one concrete policy, providing evidence for a later decision rather than declaring a cost-optimal
operating point.

8. Reproducibility and conclusion

The saved record contains the native and reduced dimensions, threshold settings, per-page F1 values, all
240 measured call durations, order positions, warm-up count, environment information, and structured
estimates. Original benchmark attribution and source conditions accompany the data. Documentation
principles Gebru et al,, 2021 and FAIR stewardship Wilkinson et al., 2016 favor retaining those
construction details. Numerical quality outputs can be reproduced from the images, while latency should
be treated as an observed measurement with a new session record when rerun.

This experiment finds a clear finite-cohort tradeoff: roughly one quarter of the working pixels and
substantially lower measured processing time accompany a modest reduction in mean foreground F1. The
reduced pipeline is a different representation and processing path, including resampling and window
rounding. Reporting that full path, scoring on the original grid, and retaining page-level differences make
the conclusion more useful than either a pixel-count argument or a speed figure alone.
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