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ABSTRACT

Recovering numerical series from line plots requires ac-
curate axis calibration and reliable curve extraction. We
present LinePilot Digitizer (LinePilot), which combines
continuous color-based curve recovery with three calibra-
tion modes: LinePilot (standard), LinePilot (enhanced), and
LinePilot (OCR). We also introduce DigitizerBench, the
first dedicated benchmark for systematically evaluating dig-
itizer performance, using an orthogonal design spanning
signal, rendering, and plot-structure factors with complemen-
tary automatic and human-guided evaluations. We evalu-
ate performance using failure-penalized capped normalized
root-mean-square error (FPC-NRMSE), which assigns unit
loss to missing, unusable, or catastrophically inaccurate out-
puts. On DigitizerBench-Full, LinePilot (OCR) achieves the
lowest mean FPC-NRMSE (0.672) and highest trusted us-
ability (38.2%) among the tested automatic pipelines. On
DigitizerBench-Lite, LinePilot (enhanced) achieves the low-
est mean FPC-NRMSE (0.081), 100% output success, and
highest trusted usability (93.3%). The orthogonal benchmark
design further enables factor analysis to identify the factors
that most significantly affect digitizer performance. Together,
the three calibration modes provide a practical trade-off be-
tween automation, user control, and accuracy within a shared
curve-recovery workflow.

Index Terms— Plot digitization, axis calibration, optical
character recognition, orthogonal design, benchmarking

1. INTRODUCTION
Charts communicate quantitative evidence in scientific publi-
cations [4]. Line plots, a widely used type of chart, present
continuous measurements and local features in fields such
as spectroscopy [5], mechanical vibration analysis [6], and
electrocardiography [7]. Their underlying numerical series
support quantitative comparison, reanalysis, data aggregation,
machine learning, and literature-analysis systems such as In-
trAgent [8]. Yet many publications provide only rendered fig-
ures, and source measurements can be difficult to obtain from
the authors, leaving the data inaccessible for reanalysis [9, 7].
Consequently, a substantial body of quantitative scientific ev-
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idence remains visually accessible to human readers but diffi-
cult to reuse computationally. Converting plotted information
into machine-readable numerical series therefore provides an
important bridge between the published scientific record and
modern computational workflows.

Plot digitizers address this need by reconstructing numer-
ical series from rendered line plots, but variations in plot de-
sign and rendering make accurate digitization difficult, and
errors can affect downstream analysis. For example, shifted
spectral peaks can alter reference matching and chemical in-
terpretation [10], while missed extrema or distorted timing
can obscure behavior in vibration and ECG signals [6, 7].
Reliable digitization requires accurate pixel-to-axis calibra-
tion and complete curve recovery. However, signal noise and
morphology, overlapping lines, limited figure width, low res-
olution, blur, and varying rendering styles complicate both
operations, so even a nonempty output may contain miscali-
brated coordinates, missing lines, or distorted features.

Existing digitizers cannot address all these challenges
through either interactive or automatic workflows. Interactive
tools such as PlotDigitizer Pro [2], WebPlotDigitizer [11], and
Engauge Digitizer [12] require users to select axis anchors,
curves, or individual points. These operations limit through-
put and introduce operator variation, particularly when ticks
are small, lines overlap, or images have low resolution. Au-
tomatic methods such as ChartOCR [1] and LineEX [13]
reduce human input, but errors in their sequential recog-
nition, calibration, series-grouping, and tracing stages can
propagate into sparse, incomplete, or miscalibrated outputs.
Existing benchmarks mainly evaluate component detection,
data extraction, or question answering [1, 14, 4], leaving
end-to-end digitizer reliability under controlled signal and
rendering variations insufficiently characterized.

We propose LinePilot, a line-plot digitizer with two
stages: pixel-to-data calibration and continuous curve re-
covery. The calibration variants are LinePilot (standard),
LinePilot (enhanced), and LinePilot (OCR); the OCR variant
combines recognition results and rejects inconsistent read-
ings. Curve recovery uses dynamic programming to link
color-consistent candidates across image columns, reward-
ing support while penalizing jumps and gaps. We intro-
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Fig. 1: LinePilot workflow and representative digitization results. (a) LinePilot workflow; UI denotes user interface. (b) Digitization results
for the DO0O01-overlapping-altair example from DigitizerBench. Top row: the original plot, the state-of-the-art automatic digitizer
ChartOCR [1], which produces no output, and LinePilot (OCR). Bottom row: the state-of-the-art manual digitizer PlotDigitizer Pro [2],
LinePilot (standard), and LinePilot (enhanced). See the online appendix for results from all methods on this example [3].

duce DigitizerBench, which evaluates single, overlapping,
and stacked line plots under orthogonally balanced signal
and rendering factors. On DigitizerBench-Full, LinePilot
(OCR) reduces mean FPC-NRMSE by 0.281 relative to the
strongest tested baseline; on DigitizerBench-Lite, LinePilot
(enhanced) achieves the lowest mean FPC-NRMSE (0.081)
and highest trusted usability (93.3%). Contributions are as
follows: 1) LinePilot combines continuous color-based curve
recovery with three calibration modes—LinePilot (standard),
LinePilot (enhanced), and LinePilot (OCR)—balancing user
control, automation, and accuracy; 2) DigitizerBench uses an
orthogonally balanced design spanning signal, rendering, and
plot-structure factors, with DigitizerBench-Full for automatic
evaluation and DigitizerBench-Lite for human-guided evalu-
ation; and 3) automatic and human-guided evaluations assess
end-to-end reliability and reveal the benchmark factors most
affecting performance.

2. RELATED WORK
Interactive plot digitizers. PlotDigitizer Pro [2] provides
manual axis anchors, point selection, and zoom; WebPlot-
Digitizer [11] combines manual calibration with computer-
vision-assisted extraction; and Engauge Digitizer [12] sup-
ports axis-point calibration and assisted curve tracing. Our
human-guided evaluation compares these workflows with
LinePilot (standard) and LinePilot (enhanced) to assess cali-
bration accuracy and recovery quality.
Automatic chart and line extraction. ChartOCR [1] com-
bines learned keypoint detection with chart-specific extrac-
tion rules. LineEX [13] integrates keypoint extraction, text
recognition, and series grouping and scaling. CHART-
Info [15] evaluates axis analysis, plot-element detection,
and numerical data recovery, including an end-to-end image-
only task. These approaches motivate separate evaluation of
calibration, series completeness, and curve accuracy.
Benchmarks for chart understanding. ExcelChart400K [1]

Table 1: Verified line-layout coverage and experimental design (v':
covered; X: not covered).

Benchmark Line types Controlled Balanced
covered factors design
ExcelChart400K [1] 1 X X
PlotQA [14] 2 v X
ChartQA [4] 2 X X
DigitizerBench 3 v v

supports chart-component detection and numerical data ex-
traction. PlotQA [14] tests numerical reasoning through
question answering (QA) over scientific plots. ChartQA [4]
emphasizes visual and logical reasoning with human-written
and generated questions. These benchmarks primarily tar-
get chart-data extraction and QA. Among the benchmarks
reviewed, none couples an orthogonally balanced design of
signal and rendering conditions with systematic digitizer
evaluation, the focus of DigitizerBench (Table 1).

3. METHODOLOGY

LinePilot separates digitization into pixel-to-data calibration
and continuous curve recovery. The design follows two obser-
vations: calibration errors propagate to every recovered point,
and a plotted line forms a continuous path rather than inde-
pendent pixels. LinePilot (standard), LinePilot (enhanced),
and LinePilot (OCR) therefore share the same recovery pro-
cedure (Figure 1(a)), so the calibration mechanism changes
without changing curve extraction.

3.1. Calibration and coordinate mapping

LinePilot (standard) uses the operator’s calibration points di-
rectly. LinePilot (enhanced) searches near each click for the
intended tick or axis stroke and estimates its center from local
image intensity. A detected crossing refines both coordinates,
whereas a single stroke refines only the coordinate across it.
If no suitable stroke is found, or the proposed movement is



too large, the original click is retained. LinePilot (enhanced)
therefore adds precision only where the image provides sup-
porting evidence.

LinePilot (OCR) first identifies the plotting region and
crops the two axis neighborhoods. It reads numerical la-
bels with Tesseract [16] page-segmentation modes 6 and 11
and, when available, RapidOCR [17]. Readings at nearby
axis positions are merged, and inconsistent readings are re-
jected when the remaining ticks support a common scale.
Horizontal-axis labels are associated with ticks above them,
while vertical-axis labels are associated with ticks to their
right. The extreme consistent label-tick pairs define the an-
chors. LinePilot (OCR) reports failure when all required
endpoints cannot be established; manual correction remains
available in the interactive workflow but is excluded from
automatic evaluation.

For either linear axis, anchors (p1, q1) and (p2, g2) define
q=q +(p—p1)(ez—q)/(p2 — p1), with p1 # pa. We
set (p, q) = (u, x) horizontally and (p, q) = (v, y) vertically,
where (u,v) are pixel coordinates and (z,y) are data coor-
dinates. The signed denominator accounts for image coordi-
nates increasing downward.

3.2. Curve extraction

After calibration, LinePilot recovers each target curve as a
continuous path through color-matched image evidence. Tar-
get colors are detected automatically or selected by the oper-
ator. Within the plotting region, pixels within tolerance 7 of
a target color are grouped into vertical runs in each column.
Each run midpoint is a candidate centerline position, and its
thickness supplies additional stroke evidence.

Dynamic programming links candidates across columns
by rewarding sustained support and stroke thickness while
penalizing abrupt vertical movement and gaps. Joint path se-
lection reduces interference from isolated color-matched ob-
jects that lack support in neighboring columns. Selected mid-
points are transformed to data coordinates by the calibrated
mapping. Only image-supported points are exported; missing
columns are not filled with synthesized observations.

The procedure selects one path per target color. Weak
color separation, low resolution, and overlapping curves with
the same color can therefore prevent complete recovery. Sam-
pling at image-column resolution also cannot restore features
unresolved in the source image.

4. EXPERIMENTAL DESIGN

4.1. DigitizerBench construction

An exhaustive factorial design of the 18 five-level signal and
rendering factors requires 5'® conditions. For tractable, bal-
anced coverage, DigitizerBench uses four complementary
strength-3 OA(625, 19, 5, 3) panels [18]. Each panel assigns
levels to the 18 factors and one generation block, balancing
all level combinations across any three design columns. To-
gether, the panels provide a 2,500-image orthogonal-array
core for estimating main effects with reduced confounding.

Algorithm 1 Color-based curve extraction

Require: Image /, region R, tolerance 7, mapping A
Ensure: Calibrated series S
1: C < detected or user-selected colors

2: S« 0

3: for each color ¢ € C do

4: Vi

5 for each column v in R do

6: Group pixels within 7 of ¢ into runs

7: Add run midpoints and thicknesses to VV
8: end for

9: P < dynamic-programming path through V

Reward support and thickness; penalize jumps and gaps
10: if P # () then

11: S + SU{{A(u,v) : (u,v) € P}}
12: end if
13: end for

14: Export S and inspect its overlay on [

Table 2: Signal, rendering, and structural factors in DigitizerBench.

Group Factors Levels
Signal (8) Baseline family and magnitude; extrema 5 each
count and prominence; feature width;
sharpness; asymmetry; signal noise.
Rendering Thickness; color; DPI; blur; figure 5 each
(10) width and aspect ratio; tick-label size;
tick count; x- and y-axis ranges.
Plot type Single, overlapping, stacked. 3
Line count 2, 3, or 5 for multiline plots; 1 for single- 3"
line plots.
Renderer Matplotlib, Plotly, Altair. 3

“Conditional on a multiline plot. Example five-level settings: line
thickness: 1, 2, 3, 4, and 5 pixels; DPI: 72, 100, 150, 300, and 600.
For each configuration, independent traces are synthe-
sized by combining a baseline trend, controlled peaks and
valleys, and Gaussian signal noise according to Table 2. The
traces form single, overlapping, or vertically stacked plots.
Stacked traces are offset to prevent intersection, whereas
overlapping traces share the same axes without forced cross-
ings. After joint mapping to the assigned axis ranges, each
configuration is rendered with Matplotlib, Plotly, or Altair.
Exact curve and tick coordinates are stored as ground truth,
while digitizers receive only the rendered images.

To connect the automatic and human evaluations, a
mixed-integer linear programming (MILP) selection [19]
identifies 60 base configurations balanced across panels, plot
types, renderers, and colors. Each is rendered under all
nine plot-type—renderer combinations, adding 480 images to
the 2,500-image orthogonal-array core for a total of 2,980
images in DigitizerBench-Full. The 60 core images form
DigitizerBench-Lite, while all 540 versions form a matched
bridge subset within DigitizerBench-Full. For replication,
the benchmark package records the master seed, factor lev-
els, orthogonal-array matrices, trace-generation rules, bridge
identifiers, software versions, and image manifest. Construc-
tion details are provided in the online appendix [3].



Table 3: Automatic results on DigitizerBench-Full and human-
guided results on DigitizerBench-Lite. Metrics are failure-penalized
capped normalized root-mean-square error (FPC-NRMSE), output
success (OS), trusted usability (TU), and digitized points per line
(DPPL); arrows indicate preferred directions.

Method FPC-NRMSE | OS (%) 1 TU (%) 1+ DPPL t
Automatic: DigitizerBench-Full (2,980 images/method)

ChartOCR 0.953 30.2 537 292
LineEX 0.997 36.6 0.369 13.5
LinePilot (OCR) 0.672 55.1 38.2 1,180
Human-guided: DigitizerBench-Lite (60 images/method)

PlotDigitizer Pro 0.097 100.0 91.7 4747
WebPlotDigitizer 0.164 98.3 86.7 194.6
Engauge Digitizer 0.790 55.0 233 2353
LinePilot (standard) 0.101 100.0 91.7 1024.8
LinePilot (enhanced) 0.081 100.0 93.3 1026.5

4.2. Evaluation protocol

Using released code, we evaluate ChartOCR [1], LineEX [13],
and LinePilot (OCR) on all DigitizerBench-Full images. Ev-
ery DigitizerBench-Lite image is evaluated with PlotDigi-
tizer Pro [2], WebPlotDigitizer [11], Engauge Digitizer [12],
LinePilot (standard), and LinePilot (enhanced).

4.3. Evaluation metrics

Failure-penalized capped normalized root-mean-square er-
ror (FPC-NRMSE) is the primary metric. For each candi-
date line match, prediction and ground truth are interpolated
without extrapolation at one position per horizontal plot pixel
in their shared x-range. Hungarian assignment minimizes
min(e;, 1) + (1 — Cj¢). For image i, T; = 1 only when the
predicted line count is correct and every match has finite error,
at least 20 valid coordinate pairs, and coverage C;p > 0.800:
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Here, K, is the evaluated grid size, G; is the ground-
truth line count, C;y = K;o/W;, and W is the endpoint-tick
plot width. Thus F equally weights all N images and assigns
unit loss to absent, structurally unusable, or full-span-error
outputs; lower is better.

Output success (OS) is the percentage of images produc-
ing valid, nonempty output. Trusted usability (TU) is the per-
centage satisfying T; = 1. Digitized points per line (DPPL)
averages points first across predicted lines within each suc-
cessful image and then across successful images.

For LinePilot (OCR), a main-effects analysis of variance
(ANOVA) uses F; for all DigitizerBench-Full images, with
panel, generation block, and image role as nuisance terms;
conditional factors use their active populations. Adjusted
sums of squares are used to describe relative effect magni-
tude. Six prespecified two-factor interactions are examined in
separate exploratory models by adding each interaction to the
main-effects model. We report F' tests, unadjusted p values,
and adjusted-sum-of-squares contribution; clustering by base
image provides a sensitivity analysis for bridge renderings.

5. RESULTS AND DISCUSSION
5.1. Automatic and human-guided performance
On DigitizerBench-Full, LinePilot (OCR) performs best au-
tomatically: its mean FPC-NRMSE is 0.672 versus 0.953 for
ChartOCR and 0.997 for LineEX, while leading in output
success (OS) and trusted usability (TU) (Table 3). Because
FPC-NRMSE retains failed and unusable cases, it captures re-
liability differences excluded by success-conditioned errors.
On DigitizerBench-Lite, LinePilot (enhanced) achieves the
strongest human-guided performance, with the lowest mean
FPC-NRMSE (0.081), 100% OS, 93.3% TU, and the highest
DPPL (1026.5). PlotDigitizer Pro and LinePilot (standard)
follow at 0.097 and 0.101, while WebPlotDigitizer (0.164)
and Engauge Digitizer (0.790) show larger errors. Overall,
LinePilot provides competitive performance across automatic
and human-guided settings, with LinePilot (enhanced) offer-
ing the best balance of accuracy, reliability, and sampling den-
sity under the tested conditions.
5.2. Effects of benchmark factors
The ANOVA p values for DigitizerBench-Full show that
LinePilot (OCR) is affected primarily by image presentation
rather than signal complexity. Figure width has the largest
effect, followed by DPI and renderer; axis range, tick density,
plot type, and blur have significant effects, while signal noise
and most curve-shape factors are not significant. The sig-
nificant width—-DPI interaction shows that physical size and
raster resolution matter jointly.

For the human-guided evaluation, line thickness is signif-
icant (p < 0.05). One-pixel curves perform poorly, while
performance stabilizes across 3—5 pixels. This contrast sug-
gests that human judgment can compensate for lower DPI
through better tick reading and reconstruction, whereas very
thin strokes provide too little color evidence for reliable line
selection and tracing. These findings prioritize resolution-
aware preprocessing, robust color extraction, tick-label han-
dling, and calibration validation. See the online appendix for
detailed factor results [3].

5.3. Case studies and limitations

Figure 1(b) compares automatic and human-guided tools on a
common DigitizerBench example. Current results cover syn-
thetic plots with linear axes and specified adapters; real-figure
accuracy requires attributed examples and reference data. Hu-
man results are limited to DigitizerBench-Lite, and inconsis-
tent runtime records prevent uniform speed comparison.

6. CONCLUSION

LinePilot unifies standard, enhanced, and OCR calibration
with continuous curve recovery, while DigitizerBench evalu-
ates performance under controlled signal and rendering vari-
ation. LinePilot (OCR) leads the tested automatic pipelines
on DigitizerBench-Full, and LinePilot (enhanced) leads the
human-guided methods on DigitizerBench-Lite; factor analy-
sis identifies image size and resolution for automatic recovery
and one-pixel line thickness for human-guided recovery as the
main vulnerabilities.
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