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Abstract

Electrocardiogram (ECG) delineation, the segmentation of meaning-
ful waveform features, is critical for clinical diagnosis. Despite re-
cent advances using deep learning, progress has been limited by the
scarcity of publicly available annotated datasets. Semi-supervised
learning presents a promising solution by leveraging abundant un-
labeled ECG data. In this study, we present SemiSegECG, the first
systematic benchmark for semi-supervised semantic segmentation
(SemiSeg) in ECG delineation. We curated and unified multiple
public datasets, including previously underused sources, to sup-
port robust and diverse evaluation. We adopted five representative
SemiSeg algorithms from computer vision, implemented them on
two different architectures: the convolutional network and the trans-
former, and evaluated them in two different settings: in-domain
and cross-domain. Additionally, we propose ECG-specific train-
ing configurations and augmentation strategies and introduce a
standardized evaluation framework. Our results show that the trans-
former outperforms the convolutional network in semi-supervised
ECG delineation. We anticipate that SemiSegECG will serve as a
foundation for advancing semi-supervised ECG delineation meth-
ods and will facilitate further research in this domain. The code
repository is available at https://github.com/bakqui/semi-seg-ecg.
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Figure 1: Examples of clean (left panel) and noisy (right panel)
ECG recordings. In the left panel, standard waveform com-
ponents (P wave, QRS complex, and T wave) are annotated,
together with the PR interval, QRS duration, and QT interval.
In the right panel, an ambiguous P wave and a noise-masked
T wave make their boundaries difficult to identify.

1 Introduction

The electrocardiogram (ECG) is a non-invasive, widely used tool
for monitoring cardiac electrical activity. A typical ECG waveform
includes the P wave, QRS complex, and T wave, representing atrial
depolarization, ventricular depolarization, and ventricular repo-
larization, respectively. Accurate segmentation of these compo-
nents—termed ECG delineation—is critical for clinical diagnosis [9].

Traditional methods using signal processing (e.g., wavelet trans-
forms [27]) often struggle with signal variability and noise [8, 22], as
shown in Figure 1. Deep learning has recently shown promise, treat-
ing delineation as a semantic segmentation task [2, 5, 12, 13, 15, 20],
but existing models rely on small-scale datasets due to costly expert
labeling.

Semi-supervised semantic segmentation (SemiSeg) can bridge
this gap by utilizing abundant unlabeled ECG data [10]. In computer
vision, SemiSeg methods such as consistency regularization and self-
training have proven effective [30]. Nevertheless, their application
to ECG delineation faces two critical challenges: (1) the absence of
standardized benchmarks, and (2) insufficient evaluation in realistic
ECG scenarios.

To address these challenges, we:

o Introduce SemiSegECG, the first standardized benchmark
for semi-supervised ECG delineation.

e Curate and integrate multiple ECG datasets, including pre-
viously underutilized public resources, and develop ECG-
specific augmentation and training strategies.

o Evaluate five representative SemiSeg algorithms across vary-
ing label availability and distribution shift, considering both
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Table 1: ECG database characteristics. Lead types are defined as: 12-lead=standard limb (I, IL, III, aVR, aVL, aVF) + precordial
(V1-V6) leads; 6-lead=limb-only; 2-lead=two selected leads (e.g., MLII). Label types are lead-specific (separate onset-offset per
lead), integrated (single annotation across all leads), and interval-only (PR, QRS, QT intervals without delineation annotation).

. . # Samples

Source # Subjects | # ECGs | Duration (labeled) | Sample rate | Lead type | Label type All ‘ Train  Validation Test
LUDB 200 200 10s 500 Hz 12-lead Lead-specific 2,369 1,427 468 474
QTDB 105 105 5.9-253.6 s 250 Hz 2-lead Integrated 718 422 148 148
ISP 499 499 10s 1000 Hz 12-lead Integrated 5,988 3,792 1,272 924
Zhejiang 334 334 1.3-7.1s 2000 Hz 12-lead Integrated 4,008 2,400 804 804
PTB-XL 18,885 21,837 10s 500 Hz 12-lead - 270,085 | 270,085 - -

mECGDB 205 205 2-10s 250 Hz 6-lead Interval only 205 - - 205

the segmentation accuracy and clinically relevant interval
error metrics.

2 Benchmark Design
2.1 ECG Databases

Five public ECG databases were curated for benchmarking, with
one additional private database. The characteristics of the databases
are summarized in Table 1. LUDB [16] and QTDB [18] have served as
standard resources in previous ECG delineation studies [5, 14, 20].
In contrast, ISP [1] and Zhejiang [43] are relatively new and remain
underutilized in delineation research. These four databases, which
provide ground-truth delineation annotations, served as the core
training resources. Each database (LUDB, QTDB, ISP, Zhejiang) was
split subject-wise randomly into training, validation, and test sets
(6:2:2 ratio except for ISP, which provides an official split). PTB-
XL [40], a large-scale benchmark database for ECG classification,
was used as an out-domain unlabeled dataset. We also utilized a
private mobile ECG database (mECGDB), which consists of 6-lead
ECGs measured by portable devices in a non-clinical setting unlike
the others, to evaluate model generalization under distribution shift.

2.2 Data Preprocessing

Each ECG lead was treated as an independent training instance,
considering its unique spatial orientation and waveform morphol-
ogy [9], while also enlarging the training set. Labeled ECGs were
cropped or zero-padded to a fixed 10-second length, reflecting the
standard recording window for resting ECGs in routine clinical
practice [33, 38]. All signals were resampled to 250 Hz, which is
the lowest native rate among the benchmark databases, to ensure
uniform temporal resolution and prevent artifacts introduced by
upsampling. A bandpass filter (0.67-40 Hz) was applied to remove
baseline drift and high-frequency noise. Z-score normalization was
applied to signals before model input to improve training stability.

Official delineation labels were used for LUDB and ISP. For QTDB
and Zhejiang, we used the label set released by a previous study [12].
This label set compensates for missing beats and incomplete onset-
offset annotations in QTDB and includes new delineation labels for
Zhejiang. mECGDB contains only clinically relevant interval labels,
without explicit delineation labels. All the labels were annotated
by at least one expert cardiologist.
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2.3 Benchmarking Protocol

SemiSegECG evaluates algorithm performance under two distinct
conditions: in-domain and cross-domain settings.

In-domain setting. The in-domain setting reflects a typical
use case where both labeled and unlabeled data come from the
same source. We simulated semi-supervised conditions by randomly
selecting labeled training subsets (1/16, 1/8, 1/4, 1/2) and using the
entire training set as unlabeled data. Models were independently
trained and evaluated per dataset and label proportion.

Cross-domain setting. The cross-domain setting reflects a prac-
tical scenario involving heterogeneous sources across labeled, un-
labeled, and potentially test data. The four labeled databases were
merged into a unified dataset, preserving the original splits. PTB-XL
served as an out-domain unlabeled dataset. Models were evalu-
ated on both the merged in-domain test set and mECGDB, testing
generalization across distribution shifts originating from different
measuring environments (e.g., device types).

We compared convolutional [17] and Transformer-based [39]
encoders, ResNet [11] and Vision Transformer (ViT) [7], selected for
their proven reliability in image and ECG tasks [3, 28, 32, 44]. They
were paired with a lightweight fully convolutional network (FCN)
decoder [24]. Performance metrics included mean intersection over
union (mloU) for segmentation accuracy and mean absolute error
(MAE) of ECG intervals (PR, QRS, QT) for clinical validity. Results
were obtained from the model checkpoints that achieved the highest
mloU on the validation set.

3 Experiments

3.1 SemiSeg Algorithms

We benchmarked five SemiSeg algorithms originally developed
for computer vision, each representing a distinct learning para-
digm: Mean Teacher (MT) [36], FixMatch [34], Cross Pseudo
Supervision (CPS) [4], Regional Contrast (ReCo) [23], and Self-
Training++ (ST++) [41].

MT. A student model learns to match predictions from a teacher
model whose weights are updated as an exponential moving aver-
age (EMA) of the student’s, providing stable pseudo-labels to guide
the student’s predictions.

FixMatch. High-confidence predictions from weak augmenta-
tions of unlabeled data are used as pseudo-labels to supervise the
same inputs with strong augmentations. This encourages robust-
ness across perturbations.
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CPS. Two models generate pseudo-labels for each other and are
trained mutually, promoting consistency and reducing overfitting
through regularized disagreement.

ReCo. Region-level contrastive regularization is applied to pixel
embeddings obtained via an additional projection head from the
encoder. Pixels with confidence scores between the easy and hard
thresholds are selected as queries. These queries are pulled toward
class prototypes of their predicted label and pushed away from
those of others, sharpening segmentation boundaries.

ST++. With multi-step training, pseudo-labeled data is gradually
introduced into training based on confidence and a predefined
schedule. Early training focuses on labeled data, reducing noise
from uncertain pseudo-labels.

A supervised baseline (Scratch) trained only with labeled data
was included for comparison.

3.2 Augmentation Strategy Exploration

Effective augmentation is crucial for semi-supervised learning, en-
abling better utilization of labeled and unlabeled data [42]. How-
ever, conventional image-based strategies may not be well-suited
for ECG signals [21, 31], distorting ECG-specific characteristics. To
address this, we explored augmentation policies tailored to ECG
segmentation. Augmentations were grouped as weak (minor global
changes used to create pseudo-labels) or strong (larger perturba-
tions applied to training inputs, yet preserving signal structure).
Guided by prior studies [19, 29], we chose:

e Weak: random resized cropping and horizontal flipping.
o Strong: baseline shift, powerline noise, amplitude scaling,
sine-wave noise, and white noise.

Optimal weak and strong augmentation strategies were iden-
tified on LUDB at the 1/16 label ratio with a ResNet backbone
(Scratch for weak, FixMatch for strong) and then applied to all
the algorithms.

3.3 Implementation Details

To ensure a fair benchmark, the following configurations were
applied commonly across the experiments. The details are available
in the public code repository!.

Model architecture We adopted compact encoders: ResNet-
18 [11] and ViT-Tiny [37], chosen to prevent overfitting on our
modest-sized datasets while keeping parameter counts comparable.
The decoder was implemented as a two-layer FCN consisting of a
hidden dimension of 128 and a dropout layer [35] with p = 0.1.

Training schedule. All models were trained for 100 epochs
with a batch size of 16. We used the AdamW optimizer [26] with a
weight decay of 0.05. The learning rate followed a cosine annealing
schedule [25], warming up from 0 to 0.001 over the first 10 epochs
and gradually decreasing to 0.0001.

Augmentation. All augmentations were applied with a selection
probability of 0.5, except for random resized cropping. For strong
augmentation, we adopted the RandAugment policy [6] with the
searched pool of augmentations.

Thttps://github.com/bakqui/semi-seg-ecg
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Figure 2: Comparison of augmentation strategies. Left panel:
mloU of supervised models (Scratch) using weak augmenta-
tions. Right panel: FixMatch models with fixed random re-
sized cropping and one of the strong augmentations. Dashed
lines indicate Scratch performance without any augmenta-
tion (blue) and with random resized cropping (green).

SemiSeg-specific hyperparameters. Hyperparameter tuning
was conducted on LUDB at the 1/16 label ratio using a ResNet-
18. For EMA-based models, the decay rate was set to 0.99. The
confidence threshold was 0.8 for FixMatch, and 0.65 (easy) and 0.8
(hard) for ReCo. The projection head used in ReCo consisted of
two convolutional layers with 128 channels each.

4 Results
4.1 Optimal Augmentation Strategy

We empirically determined the optimal augmentation strategies
for all subsequent experiments. Figure 2 illustrates their impact
on delineation performance. For weak augmentation, random re-
sized cropping significantly improved Scratch performance, while
horizontal flipping degraded performance, likely because reversing
the signal order (P-QRS-T becomes T-QRS-P) confused the model’s
temporal cues. For strong augmentation, baseline shift reduced the
performance of FixMatch, but powerline noise, sine-wave noise,
amplitude scaling, and white noise all led to improvements. The best
results arose when RandAugment combined any three of these four
strong augmentations per sample (mIoU = 70.9%). Accordingly, we
adopted random resized cropping as the weak augmentation and
the four-operation RandAugment policy as the strong configuration
for all later experiments.

4.2 In-Domain Benchmarking Results

The in-domain benchmarking performances are summarized in
Table 2. The results confirm the effectiveness of SemiSeg algorithms
on ECG delineation. The gap between SemiSeg algorithms and
Scratch widened as the label proportion decreased (e.g., 1.7%p —
2.8%p — 5.4%p — 7.6%p in MT with ViT on LUDB). At the smallest
label proportion (1/16), most of the algorithms demonstrated their
effectiveness, indicating successful use of unlabeled data when
labels were scarce.

From a database perspective, LUDB had the fewest cases where
SemiSeg algorithms underperformed Scratch, suggesting that their
effectiveness was more consistently observable, likely due to the
presence of accurate, lead-specific labels. From a model perspec-
tive, ViT-Tiny outperformed ResNet-18 overall. The detailed trends
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Table 2: In-domain benchmarking results (mIoU, %) on the
test sets under varying label ratios (1/16, 1/8, 1/4, and 1/2).
Best values are bolded.

ResNet-18 + FCN ViT-Tiny + FCN

Methods |\ " s 1 12 | 116 18 14 172
LUDB
Scratch | 673 713 729 741 | 660 713 759 785
MT 708 723 736 743 | 73.6 767 78.7 80.2
FixMatch | 709 722 729 741 | 722 766 781 80.1
CPS 686 716 731 743 | 709 754 783  80.0
ReCo 715 725 731 739 | 720 742 749 750
ST++ 69.2 716 737 745 | 713 760 780 80.1
QTDB
Scratch | 475 562 605 649 | 388 525 620 67.1
MT 478 448 630 667 | 552 58.0 649 69.2
FixMatch | 467 533 582 663 | 467 534 642 69.3
CPS 532 571 647 68.0 | 489 553 589 67.4
ReCo 534 534 587 645 | 458 476 594 629
ST+ 529 57.8 625 680 | 521 553 657 6838
ISP
Scratch | 623 646 681 693 | 694 730 763 785
MT 642 659 680 69.1 | 748 757 783 786
FixMatch | 63.1 644 679 689 | 747 757 780 794
CPS 644 661 685 694 | 729 737 784 79.9
ReCo 623 647 674 681 | 713 732 763 77.2
ST++ 637 657 685 69.5 | 728 754 783 794
Zhejiang
Scratch | 767 789 807 823 | 695 733 762 80.2
MT 79.2 80.1 815 829 | 79.1 814 816 83.6
FixMatch | 790 804 812 827 | 761 802 82.0 835
CPS 776 795 813 827 | 742 802 817 828
ReCo 776 789 797 806 | 686 683 687 633
ST++ 788 798 81.9 829 | 739 790 813 835

differ: ViT-Tiny consistently performed well with MT, while ST++
remained competitive in ResNet-18. In general, ReCo showed lim-
ited benefit, notably on QTDB, which exhibited performance degra-
dation at all label ratios except for 1/16.

4.3 Cross-Domain Benchmarking Results

The benchmarking performance patterns in the cross-domain set-
ting deviated from those in the in-domain setting. SemiSeg algo-
rithms provided limited benefit when using ResNet-18 in the cross-
domain setting, as shown in Table 3 and Table 4. All the SemiSeg
algorithms failed to outperform the Scratch, indicating poor gener-
alization. In contrast, ViT-Tiny consistently benefited from SemiSeg
algorithms. MT, FixMatch, and ST++ achieved remarkable gains,
with ST++ yielding the highest mIoU (84.7%) and MT/FixMatch
showing the lowest average ECG interval MAE (14.9 ms).

Notably, FixMatch with a ViT backbone, one of the best models
on the merged in-domain test set, did not lead on mECGDB, sur-
passed by MT in the average MAE (20.7 ms < 21.6 ms). It likely
reflected the distribution shift between clinical 12-lead ECGs and
mobile ECGs collected outside clinical settings. The models may
have overfitted to the large-scale unlabeled set (PTB-XL), limiting
cross-domain robustness. Furthermore, the model with the highest
mloU did not produce the lowest average MAE. These findings
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Table 3: Cross-domain benchmarking results on the merged
in-domain test set (LUDB, QTDB, ISP, Zhejiang). Models were
trained on the merged in-domain labeled data and PTB-XL
unlabeled data. Best values are bolded (7: higher is better, |:
lower is better).

MAE (ms) |
Methods ‘ mloU (%) 1 ‘ Avg. | PR ORS QT
ResNet-18 + FCN
Scratch 74.5 20.6 21.4 14.1 26.5
MT 73.9 21.5 22.7 15.6 26.3
FixMatch 73.6 21.5 243 13.6 26.5
CPS 74.4 21.1 21.2 15.0 27.2
ReCo 73.7 22.3 21.9 16.6 28.3
ST++ 74.2 20.8 21.5 14.2 26.8
ViT-Tiny + FCN
Scratch 81.7 18.5 21.4 10.3 23.8
MT 84.6 14.9 13.1 9.7 21.9
FixMatch 84.4 14.9 13.4 9.9 214
CPS 84.0 15.3 15.4 10.2 20.4
ReCo 84.1 15.9 13.8 10.4 23.5
ST++ 84.7 15.3 14.4 9.7 21.9

Table 4: Out-domain generalization results on mECGDB. Mod-
els were trained on the merged in-domain labeled data and
PTB-XL unlabeled data. Only MAE (ms) was reported, as
mECGDB contained interval labels (PR, QRS, QT) without
delineation annotation. Best values are bolded.

ResNet-18 + FCN ViT-Tiny + FCN

Methods | Ao | PR QRS QT | Avg. | PR QRS QT
Scratch 26.4 | 26.0 18.7 34.6 23.2 27.1 13.3 29.2
MT 28.2 27.1 20.6 36.9 20.7 20.8 13.0 28.2
FixMatch 27.7 28.1 19.5 354 21.6 214 13.8 29.5
CPS 28.1 28.2 20.3 35.9 21.1 23.2 13.6 26.6
ReCo 28.7 26.1 22.8 37.3 21.0 19.5 13.2 30.3
ST++ 27.8 274 19.5 36.6 21.6 234 13.6 27.8

highlight the need for domain adaptation techniques and a multi-
metric evaluation that considers both segmentation quality and
clinical interval accuracy.

5 Conclusion

We presented SemiSegECG, a unified benchmark and evaluation
protocol for semi-supervised ECG delineation. Across diverse pub-
lic datasets, SemiSeg algorithms consistently improved delineation
performances under label scarcity, with ViT backbones providing
the clearest gains. Meanwhile, the inconsistency in model perfor-
mance across datasets between the in-domain merged test set and
mECGDB highlights the impact of distribution shifts and the need
for domain-aware training and ECG-specific augmentation strate-
gies. Limitations include the modest size of annotated datasets
and the scope of evaluated methods, which focused on representa-
tive SemiSeg algorithms originally developed for computer vision.
Future work may leverage the SemiSegECG to explore more ad-
vanced or ECG-specific semi-supervised learning approaches and
domain adaptation techniques tailored to the challenges of physio-
logical signals.
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