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SUMMARY: 
Here, we present a reproducible protocol for converting 12-lead ECG images from real-world clinical reports into calibrated, WFDB-compliant digital signals for standardized downstream analysis, integrating grid calibration, YOLOv12-based lead localization, waveform extraction (Viterbi or improved centerline), and visual validation checkpoints.

ABSTRACT: 
Many clinics still archive 12-lead electrocardiograms (ECGs) as printed paper records or raster images embedded in PDF reports, which limits interoperability and downstream computational analysis. Here, we present a reproducible digitization protocol that converts ECG report images into WaveForm DataBase (WFDB)-compliant digital signals for standardized downstream use. The protocol consists of (i) grid detection and pixel-to-physical calibration, (ii) automated localization and labeling of the 12 lead regions using an object detection model, (iii) signal preprocessing and normalization, and (iv) waveform extraction using either a continuity-constrained path method (Viterbi) or an improved centerline-based approach. The workflow is designed to handle heterogeneous clinical layouts, variable grid visibility, and common imaging artifacts, and includes visual checkpoints for quality control at each stage. The protocol outputs time-aligned 12-lead WFDB records suitable for reproducible analysis in signal processing and machine-learning pipelines.

INTRODUCTION: 
The 12-lead electrocardiogram (ECG) is a cornerstone of cardiovascular assessment and remains widely used for screening, monitoring, and clinical decision-making1. Despite ongoing digitization efforts, many institutions still store ECGs as printed paper records or rasterized images embedded in PDF reports, which reduces searchability and complicates longitudinal follow-up2.  Importantly, image-based storage prevents direct use of standardized ECG toolkits and machine-learning pipelines that require calibrated time-series signals rather than images3. The overall goal of this protocol is to provide a reproducible and standardized method for converting electrocardiogram images into calibrated digital signals suitable for downstream computational analysis.

Automated ECG digitization seeks to reconstruct voltage–time signals from scanned ECG images4. However, real-world clinical ECG scans often present heterogeneous report layouts, variable grid visibility, compression artifacts, non-uniform illumination, and additional markings such as stamps or annotations5. These factors can degrade lead localization and waveform tracing, limiting reproducibility across institutions and device vendors6. Therefore, a practical digitization workflow should provide robust grid calibration, reliable lead separation and labeling, and standardized export to a widely adopted signal format such as WFDB7. Standardized digital formats improve interoperability across institutions and facilitate reproducible analysis using established electrocardiogram signal-processing libraries.

Several ECG digitization tools have been proposed (Table 1), yet clinical deployment remains challenging because performance can be sensitive to scan quality and layout variability8,9,10. Recent studies have also explored automatic lead extraction from ECG paper records using deep learning, further highlighting the need for robust parsing under diverse layouts and artifacts11. Related digitization software has also been introduced to improve robustness under heterogeneous clinical conditions12. In parallel, open toolkits and resources for ECG-image research have been introduced to facilitate method development and benchmarking13. Unlike existing digitization tools that may be sensitive to layout variability or limited to specific scan formats, this protocol integrates grid calibration, automated lead localization, and standardized WFDB export to improve robustness across heterogeneous clinical reports. In this work, we focus on an end-to-end pipeline that targets real-world ECG PDFs and scanned records, emphasizes reproducibility, and outputs WFDB-compliant multi-lead signals for downstream analysis.

We propose a fully automated and reproducible protocol for converting 12-lead ECG report images into WFDB-compliant digital signals. The protocol integrates (i) grid-based pixel-to-physical calibration using standard ECG settings (25 mm·s-1, 10 mm·mV-1), (ii) YOLOv12-based localization of both lead regions and lead icons to support robust lead identification in heterogeneous report layouts, and (iii) two alternative waveform extraction procedures, including an improved centerline method designed to improve trace continuity under variable line thickness and small discontinuities.  These components are aligned with prior work on signal extraction, robust digitization software, and practical digitization strategies under heterogeneous clinical conditions14. The resulting WFDB records enable downstream analysis using standard ECG toolchains. This protocol is particularly suitable for retrospective digitization of archived electrocardiogram reports stored as scanned paper records or rasterized PDFs and may require adaptation when grid lines are absent or severely distorted.

PROTOCOL:

Obtain Ethics Committee (Institutional Review Board) approval from Tam Duc Hospital (Protocol ID: 24751791) prior to retrospective data collection. De-identify all ECG reports before analysis by removing direct identifiers (e.g., patient name, medical record number, date of birth, and visit date) and replacing them with a non-identifying study ID. Use only de-identified ECG data for model development and evaluation.

1. Prepare materials, software, and inputs

1.1. Clone the project repository and verify the directory structure, including baselines/, core_binary/, data/, evaluation/, outputs/, public/, results/, weight/, and wrapper/, along with README.md and requirements.txt (see Data Availability).

1.1.1. Create (or verify) runtime subfolders under data/ and outputs/, including data/raw_pdf/, data/raw_scans/, outputs/images/, outputs/preprocessed/, outputs/calibrated/, outputs/yolo_boxes/, outputs/lead_crops/, outputs/masks/, outputs/traces/, outputs/signals_csv/, and outputs/wfdb/.

1.2. Install required software dependencies (Python, OpenCV, NumPy/SciPy, PyTorch, Ultralytics (YOLOv12 training/inference framework) /YOLO, and WFDB) and document versions in the materials list (see Table of Materials).

1.3. Place ECG inputs into data/raw_pdf/ (PDF reports) or data/raw_scans/ (paper scans).

1.4. Scan paper ECGs in grayscale at 300 dpi and keep the page flat to avoid perspective distortion (see Table of Materials).

NOTE: Use the paper speed and gain reported on the ECG printout when available (e.g., 25 mm·s⁻¹, 10 mm·mV⁻¹), consistent with the calibration stage in the overall workflow (see Figure 1).

2. Convert ECG PDFs to images

2.1. Convert each ECG PDF page to a grayscale image at 300 dpi.

2.2. Save each page as .png (preferred) or .tiff using minimal compression to preserve gridlines and waveform details.

2.3. Store exported images in outputs/images/ and keep filenames consistent across all pipeline stages (see Figure 2 for a representative input layout).

3. Preprocess ECG images (contrast and noise)

3.1. Apply CLAHE to enhance faint gridlines and waveform contrast.

3.2. Apply a light Gaussian blur to reduce high-frequency noise while preserving waveform edges.

3.3. Crop large black margins while preserving the full ECG content area.

3.4. Rotate the image to an upright orientation if the scan/export is rotated.

3.5. Save preprocessed outputs to outputs/preprocessed/.

3.6. Visually inspect a subset of outputs and confirm that gridlines and traces remain readable (see Figure 2).

CAUTION: Avoid aggressive smoothing that breaks thin waveform segments.

4. Detect grid spacing and calibrate scale (pixel → mm)

4.1. Detect grid spacing using Hough line detection for vertical/horizontal gridlines.

4.2. Estimate the mean distance between adjacent gridlines (pixels) and store the grid spacing value.

4.3. If Hough line detection fails, estimate spacing using Fourier analysis of row/column projections.

4.4. If Fourier analysis fails for dotted grids, estimate spacing using Hough circle detection (or dot periodicity).

4.5. If all grid detectors fail, set a fallback spacing value (e.g., 59 pixel) and flag the record for review.

4.6. Compute the pixel-to-mm conversion using the detected spacing and the ECG paper standard (e.g., 25 mm·s⁻¹ and 10 mm·mV⁻¹; see Figure 1).

4.7. Rescale the image using bicubic interpolation to normalize scale across records.

4.8. Save calibrated images to outputs/calibrated/ and store calibration logs per record.

NOTE: Refer to Supplementary File 1 (Algorithm 1) for implementation-oriented pseudocode of grid spacing detection and pixel-to-physical calibration.

5. Localize 12-lead regions using YOLOv12

5.1. Load the trained YOLOv12 model for lead-region detection (see Table 2 for training parameters).

5.1.1. Use the YOLOv12 training/inference framework implementation without architectural modifications to detect and separate the 12 lead regions in each ECG image for downstream digitization (see Figure 1).

5.2. Run inference on each calibrated image using the configured inference size (e.g., imgsz = 1024).

5.3. Apply non-maximum suppression and keep the highest-confidence bounding box per lead class.

5.4. Export bounding boxes to outputs/yolo_boxes/ in a reproducible format (TXT/CSV/JSON).

5.5. Save overlay images showing predicted lead-region boxes and labels for verification (see Figure 3 and Figure 4).

5.6.  Flag records with missing leads, duplicated leads, or inconsistent layout and exclude them from automatic export if needed.

NOTE: Refer to Supplementary File 1 (Algorithm 2) for pseudocode of YOLOv12-based lead region extraction and box post-processing.

6. Localize lead icons using YOLOv12

6.1. Load the trained YOLOv12 model for lead-icon detection (see Table 2 for training parameters).

6.1.1. Use the same YOLOv12 training/inference framework implementation without architectural modifications to detect lead icons for robust lead identification in heterogeneous layouts (see Figure 1).

6.2.  Run inference on each calibrated image using the configured inference size and thresholds reported in the main text.

6.3.  Apply non-maximum suppression and keep the highest-confidence bounding box per lead-icon class.

6.4.  Export lead-icon bounding boxes to outputs/yolo_boxes/ in a reproducible format (TXT/CSV/JSON).

6.5. Save overlay images showing predicted lead-icon boxes and class labels for verification (see Figure 5 and Figure 6).

6.6. Evaluate lead-icon detection performance and report quantitative results and metric definitions (see Table 5 and Table 6).

6.7.  Compare lead-region detection and lead-icon detection under the same evaluation protocol and runtime reporting convention.

7. Crop each lead region and standardize crops

7.1. Crop each lead region from the calibrated image using the predicted bounding box coordinates.

7.2. Pad crops to a consistent size when lead regions vary across layouts.

7.3. Save cropped images to outputs/lead_crops/ using the naming scheme: recordID_leadName.png.

7.4. Confirm that all 12 leads are present for each record before waveform extraction (see Table 3 and Table 4).

8. Generate a binary signal mask for each lead crop

8.1. Normalize each lead crop intensity to an 8-bit intensity range.

8.2. Apply adaptive thresholding (or Otsu thresholding) to separate the waveform trace from background/gridlines.

8.3. Apply morphological cleanup (e.g., opening/closing) to suppress residual grid artifacts.

8.4. Bridge small gaps in the trace using interpolation or connectivity-based filling.

8.5. Save the final binary mask to outputs/masks/ and verify mask quality on representative samples (see Figure 7).

NOTE: Refer to Supplementary File 1 (Algorithm 3) for lead-region mask generation details when using bounding-box-guided masking.

9. Extract waveform traces (choose either Viterbi-based path extraction or improved centerline extraction.
9.1. Extracting waveform traces using Viterbi-based path extraction

9.1.1. Compute a cost map on the binary mask that penalizes discontinuities and favors trace-like pixels.

9.1.2. Run Viterbi decoding to obtain a continuity-constrained path across the lead crop.

9.1.3. Smooth the extracted path and interpolate missing segments when necessary.

9.1.4. Save path coordinates to outputs/traces/ and save overlay plots for validation (see Figure 8).

NOTE: Refer to Supplementary File 2 (Algorithm 4) for Viterbi-based waveform extraction and visualization pseudocode.

9.2. Extracting waveform trace using Improved centerline extraction

9.2.1. Skeletonize the binary mask to obtain a centerline candidate.

9.2.2. Remove spurious branches and isolated components caused by grid noise.

9.2.3. Smooth the centerline and enforce left-to-right continuity.

9.2.4.  Interpolate short missing segments to preserve waveform continuity.

9.2.5.  Tune dataset-specific parameters (e.g., binarization thresholds, morphological kernel sizes, pruning length, smoothing strength, and gap-interpolation limits) to optimize centerline continuity under the imaging conditions of the study dataset.

9.2.6.  Save centerline coordinates to outputs/traces/ and save overlay plots for validation (see Figure 9).

NOTE: Use a standard skeletonization-based centerline principle and improve robustness via dataset-specific parameter tuning and post-processing; refer to Supplementary File 2 (Algorithm 5) for centerline extraction, smoothing/interpolation, parameter settings, and storage pseudocode.

10. Convert pixel traces to calibrated signals (mV vs time)

10.1. Convert pixel y-coordinates into voltage using the calibrated grid scale (10 mm·mV⁻¹) and pixel-to-mm mapping.

10.2. Convert pixel x-coordinates into time using the calibrated grid scale (25 mm·s⁻¹) and pixel-to-mm mapping.

10.3. Resample each lead to a fixed sampling rate (e.g., 100 Hz) and align all 12 leads in time.

10.4. Save the 12-lead signals as CSV files in outputs/signals_csv/ with consistent column names and units.

11. Export WFDB records and validate outputs

11.1. Convert each 12-lead CSV into a WFDB record using the WFDB library.

11.2. Write the .hea header file containing record name, sampling rate, signal gains, baselines, and lead names.

11.3. Write the .dat signal file using a consistent numeric type (e.g., 16-bit) and unit convention (e.g., µV).

11.4. Reload each WFDB record and plot all 12 leads to confirm lead order, naming, and time alignment (see Figure 10).

11.5. Save final WFDB outputs to outputs/wfdb/ and save validation plots.

NOTE: Refer to Supplementary File 3 (Algorithm 7) for CSV-to-WFDB conversion details and optional annotation writing when metadata are available.

12. Checkpoints and troubleshooting

12.1. Reject or flag any record with unreliable grid calibration, missing leads, or severe occlusions.

12.2. Re-run preprocessing and calibration with adjusted parameters for flagged records.

12.3. Re-run detection with updated confidence/IoU thresholds when leads are missed.

12.4. Summarize failure modes and exclusion criteria in a results table.

RESULTS:

Input preparation

ECG reports were successfully converted from PDFs or scans into standardized, axis-aligned images suitable for downstream processing. For paper ECGs, scans were acquired at 300 dpi in grayscale and saved as PNG/TIFF to reduce compression artifacts. The most common input issues were (i) excessive compression from PDF exports, (ii) partial cropping that removed lead regions or labels, and (iii) perspective distortion in smartphone photographs. Records affected by cropping or severe distortion were flagged during the visual checkpoints and excluded from fully automated processing unless corrected.

Grid detection and calibration

Grid estimation produced consistent pixel-to-physical calibration factors across ECG reports with clearly visible grids. Calibration followed standard ECG settings of 25 mm·s⁻¹ (time axis) and 10 mm·mV⁻¹ (amplitude axis), enabling conversion from pixel coordinates to calibrated time–amplitude signals. Representative overlays confirmed that the estimated grid periodicity aligned with printed grid intersections across multiple regions of each report. Failure cases occurred primarily in images with faint or missing grid lines, strong illumination gradients, or heavy compression artifacts, which reduced the reliability of grid spacing estimation and consequently the amplitude/time calibration. These cases represent suboptimal outcomes and require manual review or parameter adjustment.

Lead localization and labeling using YOLOv12

Lead regions were localized and labeled using YOLOv12 training/inference framework with checkpoint best.pt. Inference was performed with imgsz = 1024, conf = 0.25, and iou = 0.45, using GPU NVIDIA GeForce RTX 3060 (12 GB) on Windows 11 with Python 3.12.5. The detector produced bounding boxes and class labels for the 12 standard leads (I, II, III, aVR, aVL, aVF, V1–V6). Quantitative detection performance is summarized in Table 3 and Table 4 using mean average precision (mAP) at IoU thresholds [e.g., 0.5 and/or 0.5:0.95], together with per-lead results. For this protocol, successful lead localization is defined as correct detection of all 12 lead regions with consistent class labels and minimal spatial overlap, supported by high mAP values and visual confirmation of accurate bounding-box placement during the validation checkpoint. Representative examples are shown in Figure 3 and Figure 4, including successful detections across diverse report formats and typical failure modes such as missing detections due to cropping or overlapping annotations. Runtime for YOLOv12 detection is summarized as average per-image training/inference framework Speed (ms·image-1) under the stated environment.

Lead icon detection using YOLOv12

Lead icons were detected using YOLOv12 under the same software environment (Windows 11, Python 3.12.5) and hardware (NVIDIA GeForce RTX 3060, 12 GB). Quantitative performance is summarized in Table 5 and Table 6, including comparative results and metric-based assessment under the defined evaluation protocol. Representative detection outputs on real-world ECG images are shown in Figure 5 and Figure 6, illustrating typical successful cases and common failure modes (e.g., low-contrast icons or overlap with surrounding text/graphics). These cases represent suboptimal outcomes and require manual review or parameter adjustment.

Waveform extraction (Viterbi path search vs. improved centerline)

Waveform reconstruction fidelity is summarized in Table 7, Table 8, and Table 10 using overlap-based metrics (Dice and IoU) and geometric error metrics (e.g., mean absolute error and Hausdorff distance) computed against reference annotations. Successful waveform reconstruction is defined as continuous trace alignment with the source ECG image, absence of major discontinuities, and quantitative performance within acceptable overlap and geometric error ranges that preserve clinically interpretable morphology (e.g., Dice/IoU above a practical threshold and sufficiently low geometric errors). Figure 8 and Figure 9 provide representative overlays in which reconstructed traces are plotted on top of the original lead images to visually assess alignment and continuity (with the intermediate ECG signal mask shown in Figure 7, where applicable). Across the evaluated dataset, the improved centerline procedure produced more stable trace continuity in the presence of small gaps or variable trace thickness, whereas the Viterbi-based method was more sensitive to discontinuities and residual grid artifacts. 

WFDB standardization and export validation

WFDB export was validated by reloading each exported record and plotting all 12 leads to confirm correct naming, ordering, and time alignment. Representative outputs produced by the proposed pipeline are shown in Figure 10, demonstrating that the digitized signals are ready for downstream analysis using WFDB-compatible toolchains. For comparison, representative digitization outputs produced by ECGtizer are shown in Figure 11. A quantitative comparison of ECG digitization performance between ECGtizer and the proposed pipeline under the same evaluation protocol is provided in Table 11. Records flagged during earlier checkpoints (e.g., missing leads or unreliable calibration) were excluded from export or processed with manual correction, depending on the intended use case.

Runtime and throughput

Runtime measurements are reported with explicit measurement definitions and the full computing environment (Windows 11, Python 3.12.5, NVIDIA GeForce RTX 3060 12 GB). For object detection, we report the training/inference framework  “Speed” (ms per image; preprocess + inference + postprocess) for YOLOv12 at imgsz = 1024, conf = 0.25, and iou = 0.45 (Table 9). This detector runtime is distinct from end-to-end pipeline runtime, which additionally includes input preprocessing, grid calibration, waveform extraction, and WFDB export. End-to-end runtime, when reported, is stated as seconds per ECG report (batch size = 1) and/or total time for N reports, with N specified explicitly.

Data availability

The source code, configuration files, and reproducible scripts for the proposed ECG digitization pipeline are publicly available at https://github.com/nhothainguyen/ecg-digitizer-wfdb. The repository also provides a de-identified sample package including: (i) sample ECG images, (ii) example annotations for lead regions and lead icons, (iii) representative intermediate checkpoint outputs (grid calibration overlays, detection overlays, and trace overlays), and (iv) example WFDB outputs (.hea/.dat) generated by the protocol. To protect patient privacy, the public materials contain only de-identified samples and derived outputs with all direct identifiers removed. The documentation describes input formats, execution steps, software dependencies (environment specification), and validation checkpoints required to reproduce the reported results. For long-term preservation and versioned reproducibility, a Zenodo archived release is in preparation and will be made publicly available with a DOI prior to final acceptance.

Data licensing and access

The code is released under the MIT License. The licensing terms for the de-identified sample data and derived outputs are specified in the repository documentation.

FIGURE AND TABLE LEGENDS: 

Figure 1. Set up automated ECG digitization and how it gets turned into a WFDB format.
Overview of the end-to-end workflow from ECG images (PDF exports or paper scans) to WFDB-compliant outputs, including preprocessing, grid calibration (25 mm·s⁻¹, 10 mm·mV⁻¹), lead localization, waveform extraction, and WFDB export with validation checkpoints.

Figure 2. Example ECG image from the dataset.
Representative ECG report image illustrating the real-world clinical layout and typical visual characteristics (grid, lead arrangement, and potential artifacts) used as input to the proposed pipeline.

Figure 3. Results for detecting lead region in actual ECGs.
Representative detection outputs showing predicted lead-region bounding boxes on clinical ECG images. Examples include typical successful detections and representative failure cases (e.g., partial cropping or overlapping annotations).

Figure 4. Shows how YOLOv12 spots the leading regions.
Representative output of YOLOv12 lead-region detection on a 12-lead ECG report image, showing predicted bounding boxes and lead labels. This is a qualitative visualization and does not include error bars. Inference settings: imgsz = 1024, conf = 0.25, iou = 0.45.

Figure 5. Lead-icon detection results on real-world ECG images.
Representative detection outputs showing predicted lead-icon bounding boxes on clinical ECG images, including typical successful cases and representative failure modes.

Figure 6. Shows how YOLOv12 picks out the lead icons.
Illustration of YOLOv12 lead-icon detection on an ECG report image, showing predicted boxes and class labels for lead icons. Inference settings are described in the main text.

Figure 7. Shows ECG signal mask that comes from the original source image.
Example of the binary mask (or intermediate representation) of ECG traces obtained after preprocessing and grid suppression. The mask is used as an intermediate step for subsequent waveform extraction.

Figure 8. Extraction of the ECG signals using Viterbi approach.
Visualization of the Viterbi-based waveform extraction process and/or extracted trace overlay on the lead image, demonstrating the continuity-constrained path selection used to digitize the ECG waveform.

Figure 9. Boosted centerline extraction of ECG signals.
Visualization of the improved centerline extraction process and/or extracted trace overlay on the lead image, illustrating enhanced continuity under variable trace thickness or small discontinuities.

Figure 10. How well ECG digitization worked with this approach.
Representative 12-lead waveform plots reloaded from exported WFDB records, confirming lead naming, ordering, and time alignment.

Figure 11. ECG digitization results using ECGtizer.
Representative ECG digitization output obtained using ECGtizer on the same or comparable ECG images, used as a baseline for qualitative comparison.

Table 1. Comparative summary of representative methods.
Comparative overview of representative ECG digitization approaches discussed in this study, including their primary inputs (paper scans or PDF images), main algorithmic components (lead localization, grid calibration, waveform extraction), output formats (e.g., WFDB), and reported limitations under real-world clinical image conditions.

Table 2. Training parameters for YOLOv12.
Training configuration used for the YOLOv12 models, including dataset split, input image size, batch size, number of epochs, optimizer, learning rate schedule, augmentation settings, and early-stopping criteria (if applied). Report on hardware and software environment used for training when available.

Table 3. Lead region detection: comparative results.
Comparison of lead-region detection performance across evaluated methods/models on the test set. Report mAP and any additional summary statistics used for comparison under a consistent evaluation protocol. Values are reported as point estimates on the test set (no SD/SEM).

Table 4. Lead region detection: quantitative assessment metrics.
Definitions and quantitative results for the metrics used to assess lead-region detection (e.g., IoU, precision, recall, F1-score, mAP at specified IoU thresholds). Units are unitless unless otherwise specified.

Table 5. Lead icon detection: comparative results.
Comparison of lead-icon detection performance across evaluated methods/models on the test set. Report mAP and other summary statistics under the same evaluation protocol.

Table 6. Lead icon detection: quantitative assessment metrics.
Definitions and quantitative results for lead-icon detection metrics (e.g., IoU, precision, recall, F1-score, mAP at specified IoU thresholds). Units are unitless unless otherwise specified.

Table 7. Quantitative performance metrics for the Viterbi algorithm.
Quantitative evaluation results for waveform extraction using the Viterbi approach. Report overlap-based metrics (e.g., Dice, IoU) and geometric error metrics (e.g., mean absolute error, Hausdorff distance) as defined in the Methods/Protocol. Include units for geometric errors (pixels and/or converted units in ms·mV⁻¹ if applicable).

Table 8. Numbers and evaluation scores from improved centerline method.
Quantitative evaluation results for waveform extraction using the improved centerline method. Metrics follow the same definitions as Table 7 to enable direct comparison. Report mean ± standard deviation (or confidence intervals) when available.

Table 9. Comparative performance for identifying lead regions versus lead icons.
Side-by-side comparison between the two detection tasks (lead regions vs. lead icons) under the same evaluation protocol. Report task-level summaries and/or per-class breakdowns as applicable. Runtime is reported as training/inference framework “Speed” (ms per image; preprocess + inference + postprocess), reflecting detector-only performance and excluding waveform extraction and WFDB export.

Table 10. Comparison of ECG digitization performance between ECGtizer and the proposed method.
Quantitative comparison of ECG digitization performance between ECGtizer and the proposed pipeline under the same evaluation protocol. Specify the metrics used, dataset conditions, and any relevant constraints (e.g., excluded failure cases).

Table 11. Shows difference in the performance between the improved Centerline method and Viterbi algorithm for digitizing ECG signals.
Direct comparison of waveform digitization performance between the improved centerline method and the Viterbi algorithm using the same test set and metric definitions. Include differences across metrics to highlight method selection trade-offs.

Table of Materials 
List of hardware, software, and key dependencies required to reproduce the protocol, including vendor/company, catalog number or URL (when applicable), and software versions. Recommended scanning settings: 300 dpi, grayscale, PNG/TIFF with minimal compression. Items are listed in alphabetical order.



DISCUSSION: 

This study presents an automated end-to-end pipeline that converts 12-lead ECG images from PDFs or scanned paper records into WFDB-compliant digital signals through grid calibration, YOLOv12-based lead localization, and waveform extraction using Viterbi path search or an improved centerline method1. The protocol includes validation checkpoints (bounding-box overlays, trace overlays, and WFDB reload plots) to support quality assurance during digitization.

Converting ECG images into standardized time-series signals improves interoperability with established ECG toolchains and enables reproducible downstream analysis for signal processing and machine-learning workflows2. By integrating automatic lead localization and WFDB export, the pipeline reduces manual cropping and accelerates retrospective digitization of ECG archives under real-world clinical layouts3.

Performance may degrade when grid lines are faint or missing, when the waveform trace overlaps with strong stamps/annotations, or when compression artifacts distort fine trace structures. Lead localization can be sensitive to report layouts not represented in detector training data, which may reduce generalizability across institutions or device vendors. Runtime and throughput depend on input resolution and hardware, and should be interpreted in the context of the reported environment settings.

Alternative lead localization strategies include template-based layout parsing for fixed report formats, or hybrid approaches combining learned detection with rule-based constraints. Alternative waveform extraction strategies include graph-based tracing, active contour methods, or learning-based segmentation of the waveform trace, which may be beneficial when grid suppression is unreliable or when annotations are frequent4,16. Related object-detection approaches (e.g., YOLO-based networks) have also been explored for downstream ECG analysis tasks15.

The method is applicable to retrospective digitization of ECG archives, multi-center harmonization of ECG datasets, and creation of standardized training datasets for arrhythmia analysis, quality control, and machine-learning research5,17,19. WFDB output enables direct integration with widely used open-source ECG analysis libraries and supports reproducible sharing of derived signals. We additionally compared representative digitization outputs against ECGtizer as a recent automated baseline18.

Future work will include broader multi-institutional evaluation to improve generalizability, automated failure detection with confidence scoring to reduce manual inspection, and domain adaptation strategies to handle regional variations in ECG report layouts and grid styles6. Additional improvements may include releasing more diverse de-identified samples and standardized evaluation protocols to facilitate benchmarking across digitization methods12,13,18.
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