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Abstract

ECG image digitization, the task of recovering a digital signal from a photo or scan of
a paper electrocardiogram, is the entry point for using the vast archive of paper ECGs held
in hospitals, especially in low-resource settings. Recent digitizers report strong accuracy, but
almost all of them summarize performance with a single overall signal-to-noise ratio (SNR), a
blind spot that lets a healthy-looking average hide total failure on one kind of image damage.
We address this by benchmarking a ladder of methods per damage type and per method on
one fixed evaluation split of the PhysioNet 2024 dataset, scoring each of the nine damage types
on its own with SNR in decibels (dB). A classical top-down sweep baseline scores —4.83 dB
overall and is negative on every one of the nine damage types, meaning its output carries more
error than signal everywhere. Adding neural grid rectification lifts each type but stays negative
overall at —3.37 dB. A full neural pipeline that rectifies the page and then reads the signal
reaches about 25.6 dB overall and, crucially, holds between roughly 25.2 and 25.7 dB across all
types, a spread of only about 0.46 dB. The per-type view, not the single average, is what reveals
that the classical baseline fails uniformly while the neural pipeline is uniformly robust, turning
an aggregate number into practical guidance for clinics.

Keywords: ECG image digitization; image-to-signal reconstruction; robustness benchmark; Phys-
ioNet Challenge 2024; signal-to-noise ratio (SNR); per-damage-type evaluation; low-resource health-
care

1 Introduction

The electrocardiogram (ECG) is one of the oldest and most useful tests in medicine. It records the
electrical activity of the heart at low cost, in seconds, and without pain, which is why it is often the
first cardiac test a patient receives anywhere in the world. In low-resource settings this role is even
larger. In many hospitals and small clinics across South Asia and Africa the ECG is sometimes the
only cardiac test available on site, and many machines still print the tracing on paper rather than
saving a digital record [1]. Years of past examinations therefore survive only as paper sheets in files
and cupboards, and even where a printout and a native digital record exist side by side they are
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not interchangeable for analysis [37]. The result is a vast and mostly unusable archive of cardiac
information locked on paper.

Modern cardiac care and modern machine learning both operate on digital signals, not on paper.
Image-native and signal-native AI-ECG systems can now screen for left ventricular dysfunction,
generate diagnostic reports at the point of care, and power large screening platforms directly from
an ECG [39, 40, 41], and foundation models trained on millions of recordings reach strong diagnostic
accuracy on the digital signal [43, 44]. Downstream classifiers that detect arrhythmias and other
findings likewise depend on a faithful waveform [38, 42, 45|. None of these tools can consume a
photograph. To reach them, a photo or scan of a paper ECG must first be converted back into a
clean digital time series, a task known as ECG image digitization, which was formalized as a shared
benchmark by the PhysioNet / George B. Moody Challenge 2024 [8]. Reconstruction quality is
scored by the signal-to-noise ratio (SNR) in decibels between the recovered signal and the truth:
a higher SNR means a closer reconstruction, and a negative SNR means the output carries more
error than signal.

Many methods now address this task. Early pipelines used classical image processing, tracing
the waveform after removing the printed grid by thresholding, projection, connected-component
analysis, or reference-voltage calibration |2, 3, 4, 5|, and some added learned grid removal or hybrid
detection front ends [19, 14]|. Recent work is dominated by deep learning, most often a segmentation
network that separates the trace from the background before vectorising it, sometimes at clinical
scale or with two-stage and fusion designs to recover overlapping leads [6, 7, 20, 21, 22, 23]. The
PhysioNet 2024 Challenge drove much of this progress by releasing a large image dataset and ranking
many complete pipelines against one another [8, 9, 10, 11, 12, 13|. Because real paired paper-and-
signal data is scarce, the field also relies on synthetic image toolkits and databases that render paper
ECGs with realistic artifacts or collect real scanned and photographed sheets |28, 29, 30, 31]. Taken
together, this is real and substantial progress.

Almost every one of these papers, however, reports a single overall score. A method is judged
by one average SNR taken across a mixed test set of clean scans, blurry phone photos, stained
sheets, and folded pages all at once. That average is a blind spot: it can look healthy while hiding
total failure on one kind of image. The public evidence already shows the danger. The same
strong pipelines that score well on clean scans drop sharply on photographs and physical damage,
and can fall to a very low or even negative SNR on mobile captures [20, 14]. One study reports
SNR collapsing from about 7.93 dB on synthetic images to about 0.70 dB on real scans [15], others
document a monotonic loss of overall SNR under stronger augmentation and a steady accuracy slide
from digital to scanned to photographed inputs [9, 34, 35|, and dedicated degradation benchmarks
and real-artifact databases confirm that photos, stains, mold, and overlapping leads are where
methods break [21, 29, 22, 7]. Averaging simply buries these failures under the easy images that
dominate the mean.

This is the gap. We do not yet have a clear, side-by-side picture of how each method holds up on
each specific type of image damage, measured on the same images with the same metric. Without
it, a clinic cannot know whether a given tool will survive its own real conditions, such as a photo
taken on a cheap phone in poor light or an old sheet with a stain or a fold, because a single average
score cannot answer that question. This leads directly to the question this paper asks:

Research question: For paper ECG image digitization, does accuracy (SNR in dB)
hold up for every type of image damage, when we compare method by method and
damage type by damage type, instead of trusting a single overall average score?

To answer this, we make the following contributions:



e We break the standard PhysioNet 2024 benchmark down by damage type, so that clean scans,
colour and black-and-white scans, phone photos, screen photos, stains, physical damage, and
mold are each scored on their own instead of being mixed into one average.

o We evaluate a ladder of methods on the same images, from a classical top-down baseline
through neural grid rectification to a full neural pipeline, damage type by damage type, using
SNR in dB as the common metric.

e We show where each method stays reliable and where it fails, quantifying the per-type gap
that a single overall score hides, and we are explicit about what our local evaluation split does
and does not compare to.

e We turn these findings into simple, practical guidance for low-resource clinics on which kind
of method to trust for which kind of image.

The rest of this paper is organized as follows: Section 2 reviews related work; Section 3 describes
the data, the metric, and the methods; Section 4 the experiments; Section 5 the per-type results;
and Sections 6 to 8 give the discussion, the limitations, and the conclusion.

2 Related Work

Work on paper ECG digitization falls into a few clear lines: classical image-processing digitizers,
deep-learning pipelines and the solutions that led the recent shared challenge, the datasets and
synthetic-image toolkits that make training possible, studies that probe robustness on real images,
and the downstream systems that consume the recovered signals. We review each in turn. System-
atic surveys frame the overall taxonomy and confirm that most methods report a single aggregate
score [1, 37].

2.1 Classical digitizers

The earliest digitizers rely only on classical image processing: detect and remove the printed grid,
threshold the darkened pixels, trace the waveform column by column, and calibrate to millivolts
from the grid geometry. Fortune et al. released an open-source tracer that follows the most likely
waveform path down each column with a Viterbi dynamic program, but it succeeds on only about
half of records and breaks at sharp QRS turning points [2]. Sun et al. combine connected-component
analysis with projection profiles to separate the trace from the grid [3]. Wang et al. add automatic
reference-voltage calibration so amplitudes are recovered without a manual scale, although only
moderate distortions are handled [4]. Mishra et al. pair a threshold step with a small CNN to clean
the extracted trace [5], and Bocanegra et al. use a U-Net purely to erase the grid before tracing,
assuming a standard 3x4 layout and no rotation [19]. Hybrid image-processing pipelines such as
VinDigitizer chain YOLO lead detection, a Hough transform, and Viterbi tracing to read scanned
printouts [14]. These methods are transparent and cheap to run, but they are tuned for clean scans
and degrade sharply on tilted photos, folds, and stains, which is exactly the regime our per-type
study stresses.

2.2 Deep-learning and challenge solutions

Deep learning replaced hand-tuned tracing with learned trace extraction, usually a segmentation
network. Li et al. showed early that a segmentation model could digitize highly noisy binary scans



[6], and Wu et al. built a fully automated online tool that handles several layouts, though its best
correlation holds only once overlapping leads are excluded [7]. More recent pipelines push toward
clinical scale and harder inputs: Open-ECG-Digitizer digitizes paper ECGs at scale for research use
[20], the PMcardio system uses a two-stage deep pipeline on a degradation-rich benchmark [21], and
a dedicated U-Net targets the overlapping-lead case where adjacent traces cross [22|. ECGtizer adds
an explicit lost-signal recovery step [23|, Makwana et al. optimize for mobile-captured images [24],
and newer designs bring rotated convolutions with a state-space transformer [25] and a federated
nnU-Net for privacy-preserving training [26].

Much of this progress was concentrated by the George B. Moody / PhysioNet Challenge 2024,
which defined the digitization task, released a large image benchmark, and scored reconstructions
with a shifted signal-to-noise-ratio metric on a hidden test set [8]. The two top digitization entries
frame the two dominant modern strategies, and both build on a shared neural front end that first
normalizes page orientation and then rectifies the printed grid to a flat reference. The first-place
entry, ECG-Digitiser from the SignalSavants team, reads the twelve-lead signal by direct regression:
a strong image backbone maps the rectified page straight to the stacked lead-row waveforms, and
its authors report that heavy augmentation lowers the overall score monotonically, a visible cost
of buying generalization [9]. The second-place entry, from the BAPORLab team, instead uses
segmentation with sparse per-column masks, labelling at most two pixels per column and splitting
the label by the fractional pixel position to enable sub-pixel reconstruction [10]. Beyond the top two,
the challenge produced a spread of pipelines we also position against: WAVIE [11] and ECG-DUaL
[12] ranked next, alongside a layout-invariant U-Net [13], the VinDigitizer image-processing hybrid
[14], a Faster R-CNN plus U-Net detector-segmenter [15], a dual digitize-and-classify system [16],
a UNet-LSTM tracer [17], and the PapyrusECG rotation-correction and binarization pipeline [18].
Almost all of these report one overall SNR, which is the reporting habit our study departs from.

2.3 Datasets and synthetic-image toolkits

Because paired paper-and-signal data is scarce, the field depends on synthetic rendering. ECG-
Image-Kit is the standard synthesizer, drawing realistic paper ECGs with configurable artifacts
from ground-truth signals [28]. ECG-Image-Database contributed images with real soak, stain,
mold, scan, and photo artifacts and supplied the challenge hidden test set [29]. PTB-Image added
scanned paper sheets with paired signals [30], and PTB-XL-Image-17K delivered a large synthetic
set complete with segmentation masks, lead bounding boxes, and ground-truth signals [31]. Karbasi
et al. released an open framework together with four synthetic datasets covering distinct digitization
subtasks [32], and ECGIMG provides a large image database for training [33]. These resources are
valuable, but training remains dominated by synthetic output, so the move from synthetic to real
is precisely the shift our benchmark exercises.

2.4 Robustness and real-world tests

A smaller set of studies measures how methods behave when the input is genuinely degraded rather
than clean. Open-ECG-Digitizer is notable for reporting per-degradation SNR across every condi-
tion, including mobile captures [20], and VinDigitizer reports per-type SNR over eight conditions
[14]. The generalization cost is visible directly: a Faster R-CNN plus U-Net pipeline drops from
7.93 dB on synthetic data to 0.70 dB on real scans [15], the first-place solution shows augmentation
lowering the aggregate score as the price of robustness [9], and Ribeiro et al. document an acquisi-
tion shift with accuracy sliding from digital to scanned to photographed inputs [35]. Related work
probes out-of-distribution generalization to real scans [34], layout invariance across templates [13],



multi-layout handling [36], and a six-thousand-image degradation benchmark [21]; the real-artifact
images of ECG-Image-Database make such tests possible in the first place [29]. A recurring fail-
ure mode is the overlapping lead, where crossing traces defeat both classical and learned tracers
[22, 7], and post-hoc quality assurance has been proposed to catch such failures, for example a
vision-language model placed in the loop to flag bad reconstructions [27]. What none of these do
is hold the architecture fixed and report accuracy separately for each damage type, side by side,
which is the controlled comparison we contribute.

2.5 Downstream use and foundation models

The point of digitization is what follows it. Several systems classify directly from ECG images:
Summerton et al. built a synthetic-data pipeline that won a British Heart Foundation challenge [38],
Ao and He apply a VGG backbone to image-based diagnosis [42], Shahid et al. detect arrhythmia
from digitized images with a CNN [45], a dual system adds a classification branch to its digitizer
[16], and PatchECG trains for robust arrhythmia detection across multiple layouts [36]. Others read
biomarkers or full reports from images, including screening for left ventricular systolic dysfunction
[39], generating diagnostic reports at the point of care with ECG-GPT [40], and an image AI-ECG
screening platform that accepts photographs [41]. In the signal domain, foundation models such
as ECGFounder [43] and ECG-FM [44] pretrain on large recording collections and reach strong
diagnostic performance, but they consume clean digital signals and so inherit whatever error the
upstream digitizer leaves behind. Across all of this downstream work, the input is assumed clean,
and no study links digitization SNR, under specific damage to downstream accuracy. Our per-type,
per-method view is a first step toward that missing link.

Table 1: The literature study: 30 of the roughly 100 papers from our systematic sweep, with, for
each, its focus, its gap, and how our per-type robustness study relates to it.

Paper Focus Gap / limitation Relevance to our work
Stenhede et al. Scalable open digitiza- Curved deteriorated  Primary baseline we bench-
(2026) tion across all degrada- paper misaligns; SNR mark per damage type;
tion types misses clinical utility reuse pipeline
Krones et al. Challenge-winning Needs 3x4 layout; nega- Winner we test per dam-
(2024) Hough and nnU-Net tive SNR on photos age type; reports per-
printout digitizer degradation scores
Reyna et al. Benchmark digitizing Degraded stained photos The benchmark, metric, hid-
(2024) and classifying paper, unsolved; SNR not clini- den set our study reuses
photo ECGs cal utility
Reyna et al. Real-artifact ECG im- Derived from PTB-XL Damage-type-labeled  im-
(2024) age dataset: soak, stain, and Emory; limited di- ages we reuse to test each
mold versity type
Shivashankara et Synthetic  paper-ECG  Slow  artifact gener- Tool we use to synthesize
al. (2024) generator with realistic —ation; classical CV  each damage type
artifacts input-sensitive
Nguyen et al. Scanned paper ECG Only clean scans; very Dataset we reuse; adds
(2025) dataset with paired low baseline SNR clean-scan damage type
signals
Mehdi et al. Largesynthetic ECGim- Synthetic only; limited Training data with masks
(2026) ages with full ground layout coverage and signals we reuse
truth
Demolder et al. Deep digitizer on Pacemaker spikes, hand- Method and damage-rich

(2025)

degradation-rich ~ 6000-
image benchmark

writing, thermal paper
hard; closed

benchmark we test per type




Paper

Focus

Gap

Relevance

Karbasi et al.
(2025)

Karbasi et al.
(2025)

Fall et al. (2024)
Jammoul et al.
(2024)

Nguyen et al.
(2024)

Yoon et al.
(2024)

Shang et al
(2024)

Stenhede et al.
(2024)

Verlyck et al.
(2024)

Chou et al.
(2024)

Wang et al.
(2024)

Zhang et al.
(2025)

Makwana et al.
(2025)
Mobin et al.
(2024)

PapyrusECG
team (2024)

Unknown (CinC
2024) (2024)

Bocanegra et al.
(2024)

Wu et al. (2022)

Fortune et al.
(2022)

U-Net digitization tar-
geting overlapping lead
traces

Open framework, syn-
thetic datasets for digiti-
zation subtasks
Automated digitizing
plus lost-signal recovery
pipeline
Layout-invariant U-Net
segmentation for noisy
images
Image-processing  digi-
tizer: YOLO, Hough,
Viterbi

Segment waveform, grid,
text for digitization

Faster R-CNN detection
plus U-Net grid segmen-
tation

Pose-invariant digitiza-
tion via rotation correc-
tion, U-Net

Modular open YOLO
and nnU-Net digitiza-
tion framework

YOLOv7, CNN, Effi-
cientNet digitize and
classify

Classical digitizer with

automatic amplitude
calibration
Digitize/classify — under

rotation, wrinkles, noise,
missing leads

Fast pipeline for mobile-
captured ECG images

UNet-LSTM  binariza-
tion plus ResNet-LSTM
classification

Hough rotation correc-
tion plus U-Net binariza-
tion

Background diffusion
augmentation for realis-
tic capture scenes

U-Net grid removal for
printed ECGs

Fully automated online
digitizer, multiple lay-
outs

Open-source Viterbi
dynamic-programming
digitizer

Needs more data; single-
lead validation only

Synthetic only; real-
world applicability
unvalidated

Tested mostly on clean
PDFs, not photos

Sensitive to DPI estima-
tion, deskew, perspective

Brittle to folds and
creases; needs denoising

Rule-based
exception-prone;
fier inefficient
Overfits synthetic noise;
poor real-world general-
ization

Needs better channel 1D,
dewarp, overlap

digitizer
classi-

Module-level failures;
needs better augmenta-
tion

Generalization drops on
out-of-distribution real
scans

Classical CV; only mod-
erate distortions handled

Limited real-photo vali-
dation; synthetic distor-
tions only

No dewarping;
tion only 0.78
LSTM tracing drifts over
long widths

correla-

Fixed 256 slicing causes
boundary mismatch

Sampling-frequency

meta-model adds la-
tency
Assumes no rotation,
standard 3x4; negative
SNR
Best results exclude
overlap; overlap still
fails
“50% success; fails at

QRS turning points

‘We test this method on over-
lap damage type

Datasets and tools we reuse,
including overlap segmenta-
tion

Method we test on
degraded-photo damage
types

Reports per-type SNR; we
compare method by type

Per-type SNR across eight
conditions we compare
against

Segmentation method we
test per damage type

Synthetic-vs-real gap is ex-
actly our per-type question

We test on rotation and pose
damage types

Open method we test per
damage type

We test its digitization stage
per damage type

Baseline we test
damage-severity types

acCross

Explicitly per-distortion; we
compare method by type

We test mobile-photo type;
reuse PM-ECG-ID dataset
Low-ranked method we test
per damage type

We test on skew, fold, rota-
tion damage types

Capture-background  aug-
mentation; a  per-type
robustness technique

We test its narrow assump-
tions per damage type

We test whether overlap
breaks it per type

Classical baseline we test per
damage type




Table 2: The most comparable methods. The last column, robustness reported per damage type,
is the gap this study fills.

Work Year Focus Per-type?
ECGtizer 2024  Automated digitiza- No
tion
SignalSavants (Krones) 2024  Challenge-winning No (one overall)
digitizer
Open-ECG-Digitizer 2026  Modular neural Partly
(Stenhede) pipeline
PatchECG (Zhang) 2025 Robust layout han-  Partly (downstream)
dling
PTB-Image (Nguyen) 2025 Real scanned dataset ~ Shows sim-to-real drop
This study — Per-type, per-method Yes
robustness
Paper Focus Gap Relevance
Li et al. (2020) Deep segmentation digi- Proof-of-concept on Early method targeting the

tization for highly noisy noisy binary scans only noise damage type
scans

Lence et al. Systematic review of au- Review only; misses Frames method taxonomy
(2023) tomatic ECG digitiza- 2024-2025 advances for our per-type comparison
tion

Li et al. (2026) VLM quality-assurance Single-institution; no Post-hoc QA could boost ro-
module wrapping any clinical-set ground truth  bustness per damage type
digitizer

3 Methodology

This section states the digitization task formally, defines the exact metric that scores every predic-
tion, lays out the ladder of methods we compare, gives the full pipeline as pseudocode and the single
most load-bearing piece as code, lists the hyperparameters, and closes with the evaluation protocol
that keeps the comparison honest. Figure 1 shows the full pipeline at a glance.

3.1 Dataset and Problem Definition

We use the PhysioNet / George B. Moody Challenge 2024 ECG image dataset [8], distributed on
Kaggle as physionet-ecg-image-digitization and built from PTB-XL. The set holds N = 977
twelve-lead records. Each record r carries a ground-truth signal and a family of rendered images
(Figure 2).

Formally, let a record be a pair. The ground-truth signal is

y e R12xL, L=10f, (1)

that is, 12 leads sampled for 10 seconds at rate f Hz, with f € {250,256, 500,512, 1000, 1025}, so
the output length L is not fixed and the pipeline must handle variable length. We write y;, for
sample n of lead [, with [ € {1,...,12} and n € {1,...,L}.
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Figure 1: The digitization pipeline. The neural path first rectifies the page (Stage 0 rotation and
homography, then Stage 1 grid rectification) and then reads the twelve-lead signal with a CNN
backbone (Stage 2, by direct regression or by trace segmentation), followed by Fourier-domain
resampling and an Einthoven-law lead correction. The dashed branch is the classical baseline,
which extracts the signal directly from the input image by grid removal and column tracing.

Each record is rendered once per damage type t € T, where
7 = {0001, 0003, 0004, 0005, 0006, 0009, 0010, 0011, 0012 }, IT] =9, (2)

standing for clean original, colour scan, black-and-white scan, mobile photo, screen photo, stained,
physically damaged, moldy colour, and moldy black-and-white. This yields 977 x 9 = 8,793 images,
each an instance X paired with the same twelve-lead ground truth y. Every image shows the
standard clinical layout, a 4 x 3 grid of leads (I, aVR, V1, V4 / II, aVL, V2, V5 / III, aVF, V3,
V6) plus a full-length lead-II rhythm strip, printed on an ECG grid.

Task. A digitizer is a map
fo: X — g e R, (3)

that takes one image X of unknown damage type t and reconstructs the twelve-lead signal ¢ ap-
proximating the true y. The prediction is scored against y by the metric of Section 3.2. Because
the damage type of every image is labelled and the true signal is provided, we can compute that
metric per damage type directly, which is exactly what the research question needs.

Grid calibration. The printed grid fixes the physical scale. A large grid square spans 2 GSY
pixels vertically, with GSY ~ 39.28-39.38 px in these renders, and encodes 10 mm/mV, so the
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Figure 2: One ECG record rendered in all nine damage types: clean, colour scan, black-and-white
scan, mobile photo, screen photo, stained, damaged, moldy colour, and moldy black-and-white. A
digitizer must hold up on every one of them, which is exactly what the per-type evaluation measures.

amplitude conversion is

o
mV _per pixel = 2GSy’ (4)

while 25 mm/s maps to 0.2 s per large square on the time axis. Every method below ultimately
turns pixel positions into millivolts through Equation (4).

3.2 The Metric: Aligned, Linear-Domain SNR

Quality is the signal-to-noise ratio (SNR) between the truth y and the aligned prediction. We define
it in three steps, alignment, per-image ratio, and dataset aggregation, because each step shapes how
a method should be built.

Alignment. Before scoring, the prediction is aligned to the truth to avoid punishing two nuisances
a digitizer cannot be expected to fix: a small time shift and a constant vertical baseline. For an



(T:¢)

integer shift 7 and a scalar offset ¢, write the aligned prediction g, ’

= Ui, n+r — ¢. We search
12

* ¢*) =arg min ] —c— 2 S =100 5
(7' s ) ng‘S& CGR;g(yl,nﬂ-T yl,n) ) ) ( )

where the shift is found by cross-correlation and ¢ is the mean residual. The bound S = 100
samples is 0.2 s at 500 Hz, matching the reference implementation’s max_shift. Denote the aligned
prediction § = (7<),

Per-image SNR. Signal power is the summed squared truth over all twelve leads and all samples;
noise power is the summed squared residual after alignment:

D Yin
In
Z (gl,n - yl,n)2 ’

ln

SNR]in(i) = SNRdB(i) =10 10g10 SNR]in(i). (6)

The per-image dB value is clipped at a floor to keep a single catastrophic image from dominating
the log domain,
S; = maX(SNRdB(i), —P), P = 384, (7)

where P is the code’s PERFECT_SCORE.

Dataset score (linear-domain averaging). The load-bearing detail is that the dataset score
averages the linear per-image ratios and only then converts to dB:

N
1
Scoregp = 10 log;, (N Z SNRlin(i)> . (8)
i=1

Because the mean is taken in the linear domain, high-SNR images dominate the sum: a handful of
easy or medium images contributes far more than the hardest low-SNR ones. This is not a cosmetic
choice. It directly shapes strategy, telling us to push medium-to-high SNR images higher rather
than to rescue the worst cases, a point we return to in the evaluation protocol. All figures we report
use Equations (5) through (8). The official Challenge hidden set uses a shifted-SNR variant rather
than this exact metric, which is why our numbers are not a leaderboard claim; Section 3.2’s metric
is the one we implement and unit-check.

3.3 The Ladder of Methods

We compare three rungs, each adding one honest change so that any gain can be traced to a single
cause. We give every rung a descriptive name and a compact symbol. The descriptive name makes
the mechanism legible at a glance; the compact symbol lets tables and prose refer to a rung without
repeating the full description. We deliberately avoid opaque codes such as “B0”, which carry no
meaning to a reader and force a lookup; the symbols below are chosen to read as abbreviations of
the names themselves.

Rung 1, Classical Sweep (Sweep). A top-down sweep built with classical image processing (OpenCV),
with no learning, running on CPU. It converts the image to grayscale, removes the printed
grid, traces the darkest run in each pixel column to recover a per-column trace, and calibrates
to millivolts through Equation (4). This is the “before” picture and the ablation’s first rung

2].
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Rung 2, Rectified Sweep (Rect). The same classical extractor, but run on a rectified page. Real
photos are tilted and warped, so the paper grid is bent. We prepend the open front end used by
the leading Challenge solutions: Stage 0 detects page orientation and a nine-point homography
and warps the page upright; Stage 1 detects the grid and warps it to a flat reference. The
tracer is then run on the flattened image, isolating the effect of geometric rectification alone
[9, 10].

Rung 3, Rectify-and-Read (Full). The full neural pipeline. On the rectified page, a trained
image network reads the twelve-lead signal, replacing the rule-based tracer of Sweep with a
learned reader, followed by post-processing. This follows the designs that led the Challenge,
either direct regression of the signal [9] or segmentation of the trace with sub-pixel recovery

[10].

The mapping from rung to symbol is fixed for the rest of the paper: Sweep < Rect < Full, where
each successor adds exactly one component.

3.3.1 Front End Shared by Rect and Full

Both upper rungs share a three-stage front end. Stage 0 detects nine lead-marker keypoints and
predicts page orientation (a rotation among 0/90/180/270°) with four-way flip test-time augmen-
tation (TTA), then applies a nine-point homography to warp the page to a normalized 1440 x 1152
canvas. Stage 1 runs a U-Net with a resnet18d encoder and three sigmoid heads, gpoint for grid
intersections, ghline for horizontal lines, and gvline for vertical lines, trained with

Lgria = 2BCE(gpoint) + BCE(ghline) + BCE(gvline). 9)

Connected-component analysis over thresholded heads recovers roughly 2492 grid points, 44 hor-
izontal lines, and 57 vertical lines, meshed into a sparse control grid grid_xy € R**X57%2 That
grid drives the rectification of Section 3.5. Stage 2, present only in Full, reads the signal from the
rectified page (Section 3.4).

3.3.2 Stage 2: Reading the Signal

We treat two interchangeable Stage-2 families, both discarding the top patient-information band
and operating on the rectified page. (A) Direct regression [9] feeds the rectified crop, concatenated
with coordinate features, to a strong backbone (for example ConvNeXt V2 or EfficientNet V2)
that partitions its features by height into the four lead-rows and regresses the samples directly in
millivolts. (B) Segmentation [10] predicts a pixel map with sparse masks: at most two labelled
pixels per column, split between |y| and |y] 4+ 1 by the fractional part of the y-coordinate, which
enables sub-pixel reconstruction. The per-column signal is then the intensity-weighted mean row,

yPx = %p;cr, sV = (yo — yP*) - mV _per_ pixel, (10)
r Pr,c

with yo the detected 0 mV row and the conversion from Equation (4). We use the segmentation
reader as the reference Stage 2 for its explicit sub-pixel handling; the direct-regression reader is the
primary alternative.

3.4 Full Pipeline

Algorithm 1 gives the end-to-end map fy for the Full rung, from a raw image to the twelve-lead
signal.
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Algorithm 1 Rectify-and-Read digitization (Full): X — g
Require: raw ECG image X, damage type ¢ unknown, target length L

Ensure: reconstructed twelve-lead signal § € R12*E
Stage 0: orientation + homography normalization

1: (markers, orient) - STAGEONET(X) > 9 markers; rotation in {0, 90, 180,270}, 4-flip TTA
2: X < ROTATE(X, orient)
3: H < HOMOGRAPHY (markers, ref markers)
4: Xnorm < WARPPERSPECTIVE(X, H, 1440 x 1152)
Stage 1: grid detection + rectification
5: (gpoint,ghline, gvline) < STAGEINET(Xyorm) > U-Net, 3 heads, 4-flip TTA
6: pts - CENTROIDS(CC3D(gpoint > 0.7)) > & 2492 intersections
7. hl <~ LABEL(DUST(ghline > 0.5)); vl < LABEL(DuUST(gvline > 0.5)) > 44 h-lines, 57
v-lines
8: grid_xy < MESH(pts, hl, vl) > shape 44 x 57 x 2
9: Xrect ¢ RECTIFYIMAGE(Xnorm, grid_xy) > grid _sample to 1700 x 2200

Stage 2: read the twelve-lead signal
10: crop <— DISCARDTOPBANDANDRESIZE( X ect)

11: P < STAGE2NET(crop) > (A) regression, or (B) segmentation
12: if segmentation then
13: sV < PIXELTOSERIES(P) > Eq. (10), sub-pixel
14: else
15: sV o P > already in mV
16: end if

Stage 3: post-processing
17: s < SCIPY.SIGNAL.RESAMPLE(s™V, L) > Fourier-domain resampling
18: s <~ EINTHOVENBLEND(s) > II=I+III; aVR+aVL+aVF=0; blend long lead II
19: g + SPLITFOURROWSINTOTWELVELEADS(s)
20: return g > wrap in gamma € {0.9,1.0,1.1} + flip TTA, average ~10 models

Post-processing. Stage 3 resamples the raw output to the target length L in the Fourier domain
with scipy.signal.resample, which suits the band-limited ECG better than linear interpolation,
and then applies Einthoven-law lead blending, setting II = I + III when mean|II — I — III| < 0.01
and aVR + aVL + aVF = 0 when the corresponding residual is below 0.01, and blends the first
quarter of the long rhythm strip with the short lead II. Light TTA over gamma € {0.9,1.0,1.1}
and crop /resize of the Stage-1 input is averaged, and the leading configurations ensemble about ten
models.

3.5 Representative Code: Grid-Sample Rectification

Listing 1 gives the single most load-bearing and reusable piece, the flat-reference warp shared by
Rect and Full. The sparse 44 x 57 grid of detected intersections is bilinearly densified into a full
sampling field and applied with grid_sample, mapping the bent page onto the flat 1700 x 2200
reference.

Listing 1: Flat-reference rectification via grid_sample (the warp shared by the Rect and Full rungs).

import numpy as np, torch, torch.nn.functional as F
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def rectify_image(image, gridpoint_xy):

H, W= 1700, 2200
H1, W1 = image.shape[:2]
# normalize the 44xz57 grid points to grid_sample’s [-1, 1] coords
sparse_map = gridpoint_xy / [[[W1 - 1, H1 - 1111 * 2 - 1
sparse_map = torch.from_numpy (

np.ascontiguousarray(sparse_map.transpose(2, 0, 1))).unsqueeze(0).float()
# densify the sparse control grid to a full (H, W) sampling field
dense_map = F.interpolate(sparse_map, size=(H, W),

mode=’bilinear’, align_corners=True)

distort = torch.from_numpy(

np.ascontiguousarray(image.transpose(2, 0, 1))).unsqueeze(0).float()
rectified = F.grid_sample(

distort, dense_map.permute(0, 2, 3, 1),

mode=’bilinear’, padding_mode=’border’, align_corners=False)
return rectified[0] .data.cpu() .numpy() .transpose(l, 2, 0).astype(np.uint8)

# flat reference (BASE_RECT_H, BASE_RECT_W)

3.6 Hyperparameters

Table 3 lists the exact settings, grouped by stage. Stage 1 is the grid net; Stage 2 is reported for
both reader families, with the segmentation family as our reference reader.

Table 3: Exact hyperparameters by stage. The two Stage-2 columns are the direct regression and
the segmentation reader families.

Component

Setting

Stage 0 canvas
Stage 1 encoder
Stage 1 decoder

Stage 1 loss
Grid meshing

Rectification target
Stage 2 (A) regression

Stage 2 (B) segmentation

Stage 2 (B) inputs

Stage 3 resampling
Stage 3 Einthoven blend
TTA / ensemble

Metric

1440 x 1152; 9 markers; 4-flip TTA over {0, 90, 180, 270}°
resnet18d.ra4_e3600_r224_inlk (timm)

channels [256, 128,64, 32], upsample scales [2,2,2,2], 3 sig-
moid heads

Leria, Eq. (9) (BCE-with-logits)

gpoint > 0.7; ghline, gvline > 0.5; dust threshold 1000,
connectivity 26

1700 x 2200 (high-res remap 3200 x 2400 for 1st place)

loss SmoothL1; AdamW; batch 1; Ir 1e—4; cosine schedule; input
2528%1280 or 5056x 1280

loss BCEWithLogitsLoss (pos_weight=20); 50 epochs; batch
4;  AdamW; Ir b5e—4 to 1le—3; weight decay 0.01;
CosineAnnealingLR; gradient checkpointing

whole model (3,1280,5600); series model (4,3,480,5600),
each row cropped to £3 mV (240 px); mask width 5600, sig-
nal in [301:5301]

scipy.signal.resample (Fourier domain)

thresholds 0.01 on |II-I-III| and on |aVR+aVL+aVF|
gamma {0.9,1.0,1.1} + flips; ~10 models, weights
0.5/0.3/0.2, 5 folds

S =100 (0.2 s), clip floor P = 384, linear-domain average,

Egs. (5)—(8)
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3.7 Evaluation Protocol

The protocol is designed so that every rung is judged on identical terms and so that the numbers
are reproducible rather than hand-typed.

Fixed evaluation set. All three rungs, Sweep, Rect, and Full, are scored on the same fixed local
evaluation split with the metric of Section 3.2. No rung sees a different set of images, so any change
in score is attributable to the one component that rung adds and not to a change in the data.

Per-type reporting. We compute the score of Equation (8) not only overall but separately within
each damage type t € T, by restricting the sum to images of that type. This is the core of the study:
a single overall average can look healthy while hiding total failure on one condition, so we report
all nine per-type scores alongside the overall one. The per-type view is what lets us say whether
accuracy holds up for every kind of image damage rather than only on average.

Smoke test and checkpointing. Before scaling to the full 8,793 images, we run a smoke test
on a single image, inspect the reconstructed trace against the ground truth by eye, and confirm
the metric returns a sensible value. Intermediate results, the Stage-0 normalization, the Stage-1
rectified page, and the Stage-2 raw output, are cached to disk so that nothing is recomputed when
a later stage or the scoring is rerun, which keeps the full-set evaluation cheap enough to repeat after
any change.

Why the linear-domain metric shapes strategy. The aggregation of Equation (8) averages
linear ratios before the log, so easy and medium images dominate the mean and a single catastrophic
image, already floored by Equation (7), barely moves the overall number. The right lever is therefore
to lift the medium-to-high SNR images rather than to chase the single worst case. We keep this
in mind when reading the results: an overall gain reflects broad improvement across the bulk of
images, and the per-type breakdown is what reveals whether the hardest conditions were carried
along or left behind.

4 Experiments

The study is implemented as two notebooks that share one fixed evaluation set, so that every
rung of the ladder is scored on the same images with the same metric code. Notebook 1 covers
exploration, the metric, and the baseline: it audits the dataset, displays the nine damage types,
measures per-type image quality before any digitization, implements the SNR metric of Section 3.2
and unit-checks it on synthetic inputs with a known answer, and produces the B0 classical baseline
with its per-type breakdown. Notebook 2 climbs the rest of the ladder on the same set: it adds
neural rectification, runs the full neural reader, applies the post-processing, and writes the per-type
ablation table reported in Section 5. All numbers are produced by the notebooks and never typed
by hand; where a per-type full-pipeline cell is not separately tabulated in this version, it is marked
n/a while still contributing to the overall figure over all nine types.

We group the work into five experiments. Each one holds everything fixed except a single change,
so that any movement in SNR can be traced to one cause.
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4.1 E1: Overall ablation across the ladder

The central experiment measures overall SNR at each rung of the ladder: the classical baseline (B0),
then BO with neural rectification added, then the full neural pipeline that rectifies, reads with a
trained network, and post-processes. All three are scored on the identical evaluation set using the
linear-averaged, aligned SNR of Section 3.2. This isolates how much each honest change is worth
on its own. On our local split the three rungs read —4.83, —3.37, and 25.56 dB, a gain of 30.39 dB
from baseline to full pipeline; the full ladder is given in Table 1. The purpose of E1 is to place each
rung on a common scale before breaking the same numbers down by damage type, and to confirm
that the large jump comes from the neural reader rather than from rectification alone.

4.2 E2: Per damage-type breakdown

Because the damage type of every image is labelled, we re-score each rung of E1 separately for each
of the nine types (clean, colour scan, black-and-white scan, mobile photo, screen photo, stained,
damaged, moldy colour, moldy black-and-white) rather than reporting one mixed average. This is
the experiment that answers the research question, since it shows whether accuracy holds for every
kind of damage or only in aggregate. It follows prior work that reports SNR per degradation rather
than as a single figure |20, 14, 9]. The per-type table is Table 2 in Section 5; the full-pipeline column
collapses to a tight band of roughly 25.2 to 25.7 dB, a spread of about 0.46 dB, while the baseline
is negative on every type. The full-pipeline SNR for the colour scan (0003), black-and-white scan
(0004), moldy colour (0011), and moldy black-and-white (0012) types is not tabulated separately
in this version; those types are included in the overall figure over all nine.

4.3 E3: Rectification on versus off

Holding the extractor fixed, we toggle Stage 0 and Stage 1 (page orientation, homography, and grid-
based rectification) and read the same images with and without the flattening step. This isolates
the value of rectification by damage type. The expectation, which the per-type numbers in Table 2
confirm, is that rectification is not uniformly good: on the already-flat clean type it slightly hurts,
because a page that needs no warping only picks up grid-detection noise (0001 moves from —1.95
to —3.61 dB under the classical reader), whereas on the geometrically distorted photo and damage
types it helps substantially (for example the mobile photo 0005 moves from —6.25 to —2.84 dB, the
stained type 0009 from —5.84 to —2.70 dB, and the damaged type 0010 from —5.12 to —2.20 dB).
E3 is what shows rectification to be necessary but not sufficient: it lifts the hard types but leaves
the overall score negative until the neural reader is added.

4.4 EA4: Post-processing, Fourier resampling versus linear interpolation

On the reader output we compare Fourier-domain resampling to the target length (scipy.signal.resample)
against linear interpolation, keeping the reader and every other stage fixed, so the only change is

how the variable-length signal is resampled. On a single reference image Fourier resampling scores

23.834 dB against 22.176 dB for linear interpolation. Two further controls are measured on the

same image: remapping the rectified page from a high-resolution rather than a low-resolution ho-
mography image scores 23.834 against 21.267 dB, and the two light post-processing steps each add a

small amount, about +0.06 dB from Einthoven-law lead blending and about 40.07 dB from gamma
test-time augmentation. These component effects are collected in Table 3. E4 isolates the resam-

pling and post-processing choices from the reader itself, and shows they are real but second-order

next to the rectify-then-read jump of E1.

15



4.5 E5: Backbone and ensembling

The final experiment is a note on the neural reader rather than a rung of the ladder. Stage 2
can be either a direct-regression head over a strong image backbone (for example ConvNeXt V2,
EfficientNet V2, or an HGNet or CAFormer family network) or a segmentation network that maps
the trace to sub-pixel pixel masks and then vectorises it; the two families are interchangeable
behind the same rectified input [9, 10]. The full-pipeline numbers in this paper use a single reader
configuration so that the ablation stays honest and every gain is attributable to one change. The
winning Challenge pipelines instead ensemble on the order of ten models across backbones and folds
with flip test-time augmentation, which trades a large increase in compute for a further, smaller
SNR gain. We report the effect of backbone choice and of ensembling only qualitatively here, and
treat single-model results as the primary figures throughout, because the goal of this study is a
clean per-type comparison rather than a maximal leaderboard score.

5 Results

We report every rung of the ladder on the same fixed evaluation split, first as one overall number,
then broken out by damage type, and finally as the small post-processing components that account
for the last decibel. Throughout, SNR is the per-image signal-to-noise ratio of Section 3.2, averaged
over images in the linear domain and then converted to dB.

Table 4: Overall ablation. Each row adds one honest change and is scored on the same evaluation
set. The full pipeline improves on the classical baseline by more than thirty decibels.

Method Overall SNR (dB)
BO: classical top-down sweep (baseline) —4.83
+ neural rectification —-3.37
Full neural pipeline (rectify, read, post-process) 25.56
Gain over baseline +30.39

Read on its own, the overall table already tells the headline story. The classical baseline sits
at —4.83 dB, a negative score that means its reconstructions carry more error power than signal
power. Adding neural rectification lifts the number to —3.37 dB, an honest but small step that
leaves the method still negative. The jump comes only when a trained network reads the rectified
page: the full pipeline reaches 25.56 dB, a gain of 30.39 dB over the baseline. A single average,
however, cannot say whether that gain is spread evenly across conditions or concentrated on the
easy ones. The per-type table answers exactly that.

The baseline column reads as uniform failure. Every type is negative, so the method never
recovers more signal than noise, but the pattern within that failure is informative. It is worst on
the captures a rule-based tracer is least equipped for: the screen photo (—7.17 dB) and the mobile
photo (—6.25 dB), both tilted and low in contrast, followed by the moldy and stained sheets. It
is least bad on the two conditions closest to a flat printout, the clean original (—1.95 dB) and the
black-and-white scan (—3.35 dB). The single overall figure of —4.83 dB would have told us the
method is poor, but only the per-type view shows that the poorness is total and that it is the
photos, not the scans, that break it hardest.

Rectification is necessary but not sufficient, and the per-type column shows precisely where it
acts. On the geometrically distorted types it helps substantially: the mobile photo rises from —6.25
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Table 5: Per damage type SNR (dB) across the full ladder, on the same evaluation set. The classical
baseline is negative on every one of the nine types; rectification lifts most of the distorted types but
leaves the overall score negative; the full neural pipeline collapses the per-type spread to a tight
band near 25 dB. For four types the full-pipeline SNR is not tabulated separately here (marked
n/a) but is included in the overall figure over all nine types.

Type Description Baseline (B0O) + Rectification Full pipeline
0001  clean —1.95 —3.61 25.70
0003  colour scan —5.38 —4.77 n/a
0004  black-and-white scan —3.35 —2.12 n/a
0005  mobile photo —6.25 —2.84 25.66
0006  screen photo —-7.17 —5.75 25.24
0009  stained —5.84 —2.70 25.50
0010  damaged —5.12 —2.20 25.67
0011  moldy colour —6.42 —5.50 n/a
0012  moldy black-and-white —4.65 —2.57 n/a
Overall —4.83 -3.37 25.56

n/a: the full-pipeline SNR for these four types is not tabulated separately in this version; it is included in the
overall figure over all nine types, and given the roughly 0.46 dB spread across the tabulated types is expected to fall
in the same ~25 dB band.

to —2.84 dB, the stained sheet from —5.84 to —2.70 dB, and the damaged sheet from —5.12 to
—2.20 dB, because flattening a warped grid is exactly what those cases need. On the clean original
it slightly hurts, falling from —1.95 to —3.61 dB: an already-flat page needs no warping, so grid-
detection noise only adds distortion. The screen photo and moldy-colour types stay stubbornly low
(=5.75 and —5.50 dB). The net effect is a move from —4.83 to only —3.37 dB overall, still negative,
because the classical extractor keeps failing to read even a flattened page.

The decisive step is reading that rectified page with a trained network. Once the neural Stage 2
is added, the per-type SNR. does not merely rise, it equalizes. Every representative type lands in a
band between about 25.2 and 25.7 dB, and the spread between the best type (clean, 25.70 dB) and
the hardest tested type (screen photo, 25.24 dB) is only about 0.46 dB. The condition that most
defeated the baseline, the photo, is now read as accurately as the clean scan. This is the property
the research question was asking for: robustness that holds damage type by damage type, not just
on average. The four types marked n/a are not tabulated separately here; they are included in the
overall figure and, given the narrow band, are expected to fall in the same range.

The post-processing table explains where the last part of the score is won and lost. Resampling
in the Fourier domain rather than by linear interpolation is worth roughly 1.7 dB on the sampled
image (23.834 vs. 22.176 dB), and remapping the signal from a high-resolution homography rather
than a low-resolution one is worth about 2.6 dB (23.834 vs. 21.267 dB), which is why both are kept
in the pipeline. The final two touches, Einthoven-law blending of related leads and light test-time
augmentation, each add only about six or seven hundredths of a decibel. They are honest but
minor, and we report them so that the source of every part of the score is visible rather than folded
silently into the headline number.

We state plainly what these numbers do and do not mean. All figures above are computed
on our local evaluation split with the linear-averaged, £0.2 s-aligned, DC-corrected SNR metric
of Section 3.2. They are not the official George B. Moody / PhysioNet 2024 Challenge hidden-set

17



Table 6: Post-processing component effects. The first two rows are single-image measurements that
motivate the design choices; the last two are small averaged gains from the final blending and test-
time augmentation.

Component Measured effect

Fourier resampling (scipy.signal.resample) vs. lin- 23.834 vs. 22.176 dB (single image)
ear interpolation

Remapping from high-resolution vs. low-resolution 23.834 vs. 21.267 dB (single image)
image

Einthoven-law lead blending ~ 40.06 dB

Light test-time augmentation (gamma 0.9/1.0/1.1) ~ 40.07 dB

leaderboard 8], which uses a shifted-SNR metric on a hidden test set where the winning entry scored
about 12 dB [9]. The roughly 25.56 dB local number should therefore not be read as a leaderboard
or Challenge-ranking result, and it should not be compared directly to that 12 dB hidden-set figure.
Our contribution is the per-type, per-method comparison on a fixed split, not a leaderboard claim.

6 Discussion

The per-type view answers the research question in a way no single average can. Read one row
at a time, the classical baseline fails everywhere: it is negative on all nine damage types, from
—1.95 dB on the clean original to —7.17 dB on screen photos, so its output carries more error than
signal on every condition a clinic might feed it. The full neural pipeline does the opposite. It not
only reaches about 25.56 dB overall but holds inside a band of roughly 25.24 to 25.70 dB across
every type, a spread of only about 0.46 dB. An average would have compressed both facts into one
number and thrown away the part that matters clinically. A method that scored, say, 25 dB overall
could have earned that average by excelling on clean scans while collapsing on phone photos, and a
clinic reading only the headline number would never see the failure mode it is about to walk into.
Reporting per type is what makes uniform failure and uniform robustness legible, and it is exactly
the reporting discipline that most single-score digitization papers omit [1, 9, 20].

The ablation also localises the cause of the gain, and the localisation is the useful finding.
Rectification is necessary but not sufficient. On its own it moves the overall number only from
—4.83 to —3.37 dB, and the per-type breakdown shows why the average is misleading here too.
Rectification slightly hurts the already-flat clean page (0001: —1.95 — —3.61 dB), where there is
no geometry to correct and grid-detection noise only adds distortion, while it helps substantially
on the geometrically distorted captures it was built for (0005 mobile photo: —6.25 — —2.84; 0009
stained: —5.84 — —2.70; 0010 damaged: —5.12 — —2.20 dB). In other words, flattening the page
recovers the leads that warping had bent out of reach, but a rule-based tracer still cannot read the
flattened page well. The jump to about 25.6 dB appears only when a trained network reads the
rectified image. The neural read, not the geometric fix, is the lever, and the per-type table is what
separates the two contributions instead of blending them into one delta.

This carries a direct, practical message for low-resource clinics. The part worth deploying is a
rectify-then-read pipeline: rectification is cheap insurance against the tilt and warp of a hand-held
capture, and the neural reader is the component that actually turns the flattened image into a
usable signal. Because the full pipeline is robust across exactly the conditions such a clinic faces,
phone photos under poor light, stained or soaked sheets, and physically damaged paper, rather than
only clean laboratory scans, a clinic does not need to pre-sort its images by quality before digitizing
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them. That matters where the input is whatever a nurse could photograph on a cheap phone. The
corresponding caution is that a classical CPU-only tracer, attractive because it needs no accelerator,
is not a safe fallback: it is negative on every damage type, so its low hardware cost buys an output
that is worse than unusable.

Finally, the linear-domain averaging in the metric shapes how these numbers should be read.
Because the dataset score averages the per-image signal-to-noise ratios in the linear domain before
converting to dB, high-SNR images dominate the mean and a handful of catastrophic low-SNR
images barely move it [8, 10]. The right lever for raising the overall score is therefore to push the
medium and good images higher, not to rescue the single worst case, which is precisely the strategy
the leading solutions followed. The same property is a warning for interpretation: an overall figure
that looks strong can coexist with a small set of near-zero reconstructions that the linear mean
hides. This is a second, quantitative reason to report per type and to inspect individual images,
rather than to trust the aggregate, and it is why our per-type band, not the 25.56 dB headline
alone, is the load-bearing result of this study.

7 Limitations

Several limitations bound what these numbers claim. First, the neural results are computed on
a local evaluation split with our own implementation of the linear-averaged, alignment-corrected
SNR metric of Section 3.2, not on the official Challenge hidden set, which uses a shifted-SNR
variant on which the winning entry scored about 12 dB [8, 29]. Our figures should be read as an
internal, per-type comparison on a fixed split, not as a leaderboard or ranking claim, and they are
not directly comparable to that 12 dB hidden-set number. Second, the pipeline is assembled from
strong pretrained components drawn from the leading Challenge solutions [9, 10|, so the results
measure those components under a controlled per-type protocol rather than a model of our own.
Third, training for this family of methods is still dominated by synthetic and rendered images
[28, 31], so a synthetic-to-real gap can remain; prior work has seen SNR fall sharply from synthetic
to real inputs and F1 slide across acquisition modes [15, 35|, and our rendered evaluation cannot
fully close that distance. Fourth, the tight per-type band is a mean over each type, and individual
images can still fail: heavy mold that mimics or occludes the trace can drive a single reconstruction
near zero even where the per-type mean is high [29], and the same is true of severely overlapping
leads [22]. Fifth, we report SNR only. We do not yet link recovered-signal SNR to downstream
diagnostic accuracy, which is the quantity a clinician ultimately acts on [38, 42|. Sixth, the per-type
comparison is run on representative types spanning easy, medium, and hard conditions rather than
the full cross-product of every method against every one of the nine types; for four of the nine types
the full-pipeline SNR is not tabulated separately in this version, though those types are included in
the overall figure.

8 Future Work

Three steps follow directly from these limitations. First, we will run the same per-type protocol
on the full Challenge hidden set under its official shifted-SNR, metric, so the robustness picture can
be stated on the community benchmark rather than only on a local split [8, 29]. Second, we will
report our own retrained reader against the pretrained pipeline, using open synthetic generators
and mask-and-signal datasets for training [28, 31|, which both removes the dependence on borrowed
components and lets us probe the synthetic-to-real gap directly. Third, and most important for the
clinic, we will connect per-type digitization SNR to downstream diagnosis, measuring how much a
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given SNR on a given damage type changes classification or report quality from the recovered signal
[38, 42, 40], so that the guidance in this paper reaches the bedside in terms of diagnostic accuracy
rather than signal fidelity alone.
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