
  

Abstract— Cardiovascular diseases (CVDs) remain a leading 

cause of morbidity and mortality worldwide, underscoring the 

need for accurate and early diagnostic tools. Electrocardiogram 

(ECG) and phonocardiogram (PCG) signals are routinely 

acquired in clinical practice and provide complementary 

electrophysiological and mechanical information about cardia 

function. However, most existing automated diagnostic systems 

rely on a single modality, or employ fixed fusion strategies, 

limiting their robustness across diverse cardiac conditions. This 

paper proposes a Hybrid Adaptive Multiscale Cardiac Fusion 

Network (HAM-CFN) for multi-class cardiac disease 

classification by jointly modeling ECG and PCG signals. The 

network integrates multiscale temporal and time–frequency 

feature extraction, bidirectional cross-modal attention for 

physiological interaction, and an adaptive dynamic fusion 

module that assigns sample-specific modality weights. 

Experiments on the PhysioNet/CinC Challenge 2016 dataset 

demonstrate that the proposed method outperforms 

conventional single-modality and traditional fusion approaches 

with a lightweight architecture, achieving an accuracy of 97.60%, 

a precision of 97.66%, a specificity of 99.39%, a recall of 97.69%, 

and an F1-score of 97.67%. These results suggest that adaptive 

multimodal fusion of ECG and PCG signals can enhance 

automated cardiac diagnosis in resource constrained and real-

world clinical settings. 

Keywords—ECG, PCG, multimodal, deep learning, cardiac 

disease. 

I. INTRODUCTION 

Cardiovascular diseases (CVDs) are the leading cause of 
global mortality, accounting for 17.9 million deaths in 2019, 
or 32% of all deaths worldwide [1]. Clinical management of 
CVDs leverages a suite of tools, ranging from non-invasive 
electrocardiograms (ECG) and phonocardiograms (PCG) to 
more advanced imaging, to form a comprehensive assessment 
[2, 3]. Recent advances in wearable technology enable 
continuous acquisition of ECG and PCG signals outside 
clinical settings, providing a noninvasive, cost-effective, and 
accessible alternative to resource-intensive hospital-based 
diagnostics [4, 5]. Such continuous monitoring is crucial for 
early detection of cardiac abnormalities and postoperative 
surveillance, overcoming the limitations of intermittent 
clinical examinations. 

Currently, most wearable devices focus on single-modality 
signals [6-13].These wearable health technologies provide 
methods for continuous and accessible cardiac monitoring 
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outside hospitals, but the lack of multiple indicators is 
insufficient for comprehensive cardiac assessment. ECG 
analyses electrical activity of heart, which is effective for 
identifying electrical abnormalities, while PCG captures 
mechanical or acoustic activity that can identify systolic and 
diastolic murmurs for heart valve abnormalities identification 
[14-16]. However, the diagnostic accuracy of wearable 
devices remains inferior to clinical standards, partly due to the 
limited information from single modalities [17]. Therefore, it 
is meaningful to fuse ECG and PCG signals in wearable 
systems, combining their complementary characteristics to 
approach the diagnostic reliability of hospital examinations 
and enable robust, automated detection of diverse CVDs. 

 The emergence of recent multimodal studies has made 
deep learning–based approaches for fusing ECG and PCG 
signals a major direction of exploration. Liu et al. [18] 
proposed a 1-D vision transformer with co-attention and 
dynamic weighted fusion to integrate ECG and PCG for 
coronary artery disease detection, but it was limited to binary 
classification and short 0.8-s segments, reducing clinical 
interpretability. Lin et al. [19] employed a multiscale CNN-
BiLSTM for wearable multimodal fusion, yet failed to 
distinguish clinically important arrhythmia subtypes. Zhang et 
al. [20] introduced a co-learning–assisted dense fusion 
framework to handle feature interaction and missing 
modalities, but its high computational cost hinders deployment 
on resource-constrained wearable devices. Overall, existing 
ECG–PCG fusion methods are often computationally heavy, 
focused on limited disease types, and rely on shallow fusion 
strategies (e.g., feature concatenation or decision-level fusion), 
which restricts their clinical applicability and scalability in 
wearable systems [21].  

To address these challenges, this work proposes a Hybrid 
Adaptive Multiscale Cardiac Fusion Network (HAM-CFN) 
for five-class cardiac disease detection using ECG and PCG 
signals. Specifically, HAM-CFN is designed to jointly model 
multi-scale cardiac representations, cross-modal physiological 
interactions, and adaptive modality fusion, enabling accurate 
and robust diagnosis in wearable settings. The proposed 
architecture consists of three key components: a Multi-Scale 
Cardiac Encoder (MSCE) that simultaneously extracts 1D 
temporal features from raw ECG and PCG signals and 2D 
time–frequency features from ECG scalograms and PCG 
spectrograms; a Bidirectional Cross-Modal Interaction (BCMI) 
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module that employs multi-head attention to enable deep and 
symmetric feature exchange between ECG and PCG; and an 
Adaptive Dynamic Fusion (ADF) module that generates 
sample-specific fusion weights to balance the contributions of 
each modality. By integrating complementary electrical and 
mechanical cardiac information in a unified and 
computationally efficient manner, the proposed approach 
achieves reliable multi-class cardiovascular abnormality 
detection while remaining suitable for resource-constrained 
devices. Overall, the proposed method provides an efficient 
and automated solution for robust multi-class cardiac disease 
detection, achieving more reliable and clinically meaningful 
diagnosis through complementary ECG–PCG fusion. 

II. METHODOLOGY 

The overall structure of the proposed HAM-CFN is 
demonstrated in Fig. 1. Initially, the synchronized ECG and 
PCG signals are preprocessed, including normalization, noise 
reduction, augmentation, and appropriate segmentation. The 
processed signals are then transformed into both 1D and 2D 
representations, which are encoded by the Multi-Scale Cardiac 
Encoder (MSCE), detailed in Fig. 2a. Subsequently, the 
Bidirectional Cross-Modal Interaction (BCMI) module 
facilitates deep fusion and mutual enhancement of ECG and 
PCG features (Fig. 2b). Finally, the Adaptive Dynamic Fusion 
(ADF) module generates learnable fusion weights, and the 
fused features are passed through a compact classifier to 
achieve cardiac disease identification across five categories 
(Fig. 2c).  

A. Multi-Scale Cardiac Encoder (MSCE) 

As in Fig. 2a, first, the convolution-based tokenization was 
performed on 1D temporal signals of ECG and PCG. We 
employed a 1D convolution to transform raw signals into 64 
token sequences. The convolution uses a kernel size of 32, 
stride of 31, padding of 15, and produces 64 output channels. 
Following convolution, the sequence length was adjusted to 64 
via center-cropping or zero-padding to generate the 1D token 
representation 𝐹1𝐷 ∈ ℝ64×64. 

Second, for 2D ECG wavelet scalograms and PCG 
spectrograms, a lightweight convolutional layer was 
performed for feature extraction. The layer received time-

frequency images 𝑥2𝐷 ∈ ℝ1×128×128 and generated 4-channel 
feature maps 𝐹2𝐷 ∈ ℝ4×64×64. 

Finally, a cross-scale token fusion module was used for 
nonlinear interaction of multi-scale information. The 1D and 
2D tokens were initially concatenated along the channel 

dimension to form a combined token set 𝐹𝑓𝑢𝑠𝑒𝑑 ∈ ℝ5×64×64: 

𝐹𝑓𝑢𝑠𝑒𝑑 = 𝐶𝑜𝑛𝑐𝑎𝑡(𝐹1𝐷 , 𝐹2𝐷) (1) 

Afterwards, a 3 × 3  convolution mapped the 5-channel 
features to 8 channels, achieving nonlinear combination of 
cross-scale features. After convolution, 2 × 2 average pooling 
was applied to reduce spatial dimensions from 64 × 64  to 
32 × 32, extracting local invariant features. Adaptive average 

 
Fig. 1. Overall framework of proposed HAM-CFN. 

 
Fig. 2. Workflow of separate modules in the HAM-CFN network. 



pooling reduced feature maps to 8×8 spatial size, which were 
then reshaped into final multiscale token sequence 
𝑇𝐸𝐶𝐺 , 𝑇𝑃𝐶𝐺 ∈ ℝ8×64 for separate ECG and PCG channels. This 
design achieved hierarchical abstraction balancing both local 
and global features.  

These multiscale tokens formulated the ECG token 
sequence and PCG token sequence respectively. 

B. Bidirectional Cross-Modal Interaction (BCMI) Module 

Unlike common early or late fusion across models, which 
rely on simple concatenation or weighted voting without 
interactions between their inherent information, the BCMI 
module enabled deep interaction and mutual enhancement of 
ECG and PCG features.  

After receiving the token sequences of ECG and PCG from 
the previous MSCE, which were layer-normalized, this 
module applied a bidirectional multi-head attention 
mechanism. The main idea was that each modality acted as 
both query and context. ECG tokens attended to PCG tokens, 
and vice versa. ECG’s attention to PCG (𝐴𝐸𝐶𝐺→𝑃𝐶𝐺 ), and 
PCG’s attention to ECG ( 𝐴𝑃𝐶𝐺→𝐸𝐶𝐺 ), are as depicted by 
equations:  

𝐴𝐸𝐶𝐺→𝑃𝐶𝐺 = 𝑀𝑢𝑙𝑡𝑖𝐻𝑒𝑎𝑑𝐴𝑡𝑡(𝑇𝐸𝐶𝐺 , 𝑇𝑃𝐶𝐺 , 𝑇𝑃𝐶𝐺) (2) 

𝐴𝑃𝐶𝐺→𝐸𝐶𝐺 = 𝑀𝑢𝑙𝑡𝑖𝐻𝑒𝑎𝑑𝐴𝑡𝑡(𝑇𝑃𝐶𝐺 , 𝑇𝐸𝐶𝐺 , 𝑇𝐸𝐶𝐺 ) (3) 

And the multi-head attention was computed as: 

𝑀𝑢𝑙𝑡𝑖𝐻𝑒𝑎𝑑𝐴𝑡𝑡(𝑄, 𝐾, 𝑉) = 𝐶𝑜𝑛𝑐𝑎𝑡(ℎ𝑒𝑎𝑑1, … , ℎ𝑒𝑎𝑑ℎ)𝑊𝑂(4) 

ℎ𝑒𝑎𝑑𝑖 = 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄𝑊𝑖
𝑄 , 𝐾𝑊𝑖

𝐾 , 𝑉𝑊𝑖
𝑉) (5) 

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄, 𝐾, 𝑉) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄𝐾𝑇

√𝑑𝑘

) 𝑉 (6) 

Here, ℎ is the number of heads, 𝑑𝑘 is the head dimension, 
𝑊𝑂  is the learnable weight matrix that combines the 

concatenated outputs from all attention heads, and 𝑊𝑖
𝑄, 𝑊𝑖

𝐾, 

𝑊𝑖
𝑉  are learned projection matrices that project the input 

embeddings into different representation subspaces for each 
attention head. As input vectors to the attention mechanism, 𝑄 
represents “query” that seeks information, 𝐾 represents “key” 
that are matched against queries, and 𝑉  contains the actual 
“values” to be aggregated based on attention weights. This 
symmetrical attention allows the model to learn how 
information in one modality can enhance and refine the 
features in the other modality. 

The attention output of each attention block was then 
added back to original tokens via residual connections, 
followed by passing through a feed-forward network. Separate 
ECG and PCG attention tokens were generated, as described 
in Fig. 2b. The outputs of size (8, 64) were passed through an 
average pooling followed by flattening, denoting as 
𝑣𝐸𝐶𝐺 , 𝑣𝑃𝐶𝐺 ∈ ℝ128. 

C. Adaptive Dynamic Fusion (ADF) Module 

To fuse the two feature vectors  𝑣𝐸𝐶𝐺 , 𝑣𝑃𝐶𝐺  after the BCMI 
module, instead of traditional fixed-weight fusion methods, 
ADF generates sample-specific fusion weights, which 
combines a dynamic, sample-adaptive weighting mechanism 

with a ConvNeXt-inspired depthwise convolutional structure, 
as seen in Fig. 1. 

ECG and PCG features were first concatenated and 
reshaped to form a feature matrix 𝑣𝑐𝑜𝑛𝑐𝑎𝑡:  

𝑣𝑐𝑜𝑛𝑐𝑎𝑡 = [𝑣𝐸𝐶𝐺 , 𝑣𝑃𝐶𝐺 ] ∈ ℝ2×128 (7) 

where ECG and PCG features served as 2 channels. 

Afterwards, a 3-layer convolutional block was designed to 
generate dynamic weights, as shown in Fig. 2c. The block 
contained a 1 × 1 pointwise convolution, a 7 × 7 depthwise 
separable convolution, and followed by a 1 × 1  pointwise 
convolution compression, resulting in 𝑊𝑟𝑎𝑤 ∈ ℝ2×128 . 
Although the kernel size seemed large, depthwise separable 
convolution significantly reduced computational complexity. 

To ensure the weights have probabilistic interpretability, 
we applied layer normalization and 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 to the generated 
raw weights: 

𝑊 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝐿𝑎𝑦𝑒𝑟𝑁𝑜𝑟𝑚(𝑊𝑟𝑎𝑤), 𝑑𝑖𝑚 = 1) ∈ ℝ2×128(8) 

Here, 𝑠𝑜𝑓𝑡𝑚𝑎𝑥  is applied along the channel dimension 
(dimension 1), ensuring that for each feature position, the sum 
of ECG and PCG weights is 1. The two channels of 𝑊 
accordingly represent dynamic weights for each modality 
𝑤𝐸𝐶𝐺  and 𝑤𝑃𝐶𝐺 . The generated weights were used to perform 
the sample-dependent weighting of the original features: 

𝑣𝑓𝑢𝑠𝑒𝑑 = 𝑤𝐸𝐶𝐺 ∙ 𝑣𝐸𝐶𝐺 + 𝑤𝑃𝐶𝐺 ∙ 𝑣𝑃𝐶𝐺 ∈ ℝ128 (9) 

After dynamic weighted fusion, the fused feature was 
stabilized through layer normalization. A learnable scaling 
factor 𝛾 ∈  ℝ¹²⁸(initialized to 1×10⁻⁶) was used to adjust the 
output and added to the original fused features via residual 
connection, outputting the final transformed features 𝑥𝑜𝑢𝑡 ∈
 ℝ¹²⁸ . The final fused feature  𝑥𝑜𝑢𝑡  was passed to a small 
multi-layer perceptron (MLP) classifier to produce 5-class 
detection. 

III. EXPERIMENTS 

A. Dataset 

The training-a dataset of PhysioNet/CinC Challenge 2016 
database (PCHSD2016) was used in this study, which is the 
MIT Heart Sounds Database (MITHSDB) [22]. It contains 409 
synchronized PCG and ECG recordings, sampled at 2000 Hz. 
Each recording is clinically annotated into one of five 
categories: Normal, Mitral Valve Prolapse (MVP), Benign 
murmurs (Benign), Aortic Disease (AD), or Miscellaneous 
Pathological conditions (MPC). Following expert quality 
assessment, 17 noisy recordings were excluded, resulting in 
388 clean samples used for model development and evaluation, 
as listed in Table I.  

B. Implementation Details 

Signal preprocessing was performed on the dataset. Raw 
synchronized ECG and PCG signals were preprocessed to 
counter the unstable signal quality. ECG denoising involved 
fourth-order Butterworth bandpass (0.5–100 Hz), powerline 
interference suppression, baseline wander removal, entropy-
based Wiener filter [14], and z-score normalization. PCG 
signals were bandpass filtered (25–400 Hz) and processed with 



spike removal [23], followed by normalization. All signals 
were resampled to 1000 Hz and segmented into 2-second 
fragments centered at ECG R-peaks to ensure signal alignment 
between two modes and physiological relevance. To address 
severe class imbalance, targeted data augmentation was 
applied to the minority classes (AD and MPC) via time shifting, 
warping, scaling, and noise addition. The final dataset contains 
43,114 samples with approximately balanced distributions as 
shown in Table I. In addition to 1D time-domain signals, time-
frequency representations were generated to capture non-
stationary cardiac characteristics. ECG scalograms were 
generated via continuous wavelet transform (CWT), focusing 
on clinically relevant low-to-mid frequencies. While PCG 
spectrograms were computed with STFT to capture broader 
sound patterns. All 2D representations were log-scaled, 
normalized, and resized to 128 × 128 pixels for model input. 
The final balanced dataset was split into 80% training and 20% 
testing set. To ensure a realistic evaluation, a patient-level split 
is adopted, such that all segments from the same subject appear 
exclusively in either the training or test set. 

Experiments were implemented based on Python 3.9 with 
PyTorch. The experimental system consists of an Intel(R) 
Core(TM) Ultra 9 275HX CPU (32 GB RAM) and an NVIDIA 
GeForce RTX 5070 Ti Laptop GPU. The proposed network 
employed multi-head attention with four heads and an 
embedding dimension of 64, achieving a balance between 
representational capacity and computational efficiency. 
Detailed hyperparameter settings are summarized in Table II. 
The AdamW optimizer with an initial learning rate of 1×10⁻³ 
was adopted, together with a warmup and cosine annealing 
schedule. Training stabilization strategies, including dynamic 
label smoothing, gradient clipping, and early stopping, were 
applied. The overall number of parameters of the model is 
110,007, reflecting a compact architecture and efficient 
computation. 

IV. RESULTS AND DISCUSSIONS 

Quantitative results in Table III demonstrate that the 
proposed HAM-CFN model achieves consistently strong 
performance across all evaluation metrics, outperforming 
existing methods evaluated on the same PCHSD2016 training- 
a dataset. Specifically, our model achieved an accuracy of 
97.60%, precision of 97.66%, recall of 97.69%, specificity of 
99.39%, and F1 score of 97.67%. Notably, while most prior 
studies focused on binary classification, the proposed 
approach addresses a more challenging five-class 
classification task, where inter-class similarity and decision 
boundaries are more complex. Achieving comparable or even 
superior performance under this setting indicates the strong 
discriminative capability and robustness of the proposed 
framework. The superior performance in multi-class scenarios 
can be attributed to the complementary design and mutually 

reinforcing work of the three key modules, which play 
complementary and mutually reinforcing roles. First, MSCE 
provides robust multiscale representations by jointly encoding 
temporal waveforms and time–frequency patterns, ensuring 
feature completeness within each modality. This multiscale 
representation is particularly beneficial for distinguishing 
disease with subtle yet clinically meaningful differences. 
Building upon these representations, BCMI enables 
bidirectional cross-modal attention, allowing ECG and PCG to 
refine each other through physiologically meaningful 
interactions rather than treating modalities independently or 
shallow fusion. It is critical for multi-class classification where 
certain disease categories may be more dominant in one 
modality. Finally, ADF performs sample-adaptive fusion, 
dynamically balancing the relative contributions of ECG and 
PCG at the decision level to further accommodate inter-patient 
and inter-disease variability. This adaptive mechanism 
mitigates the bias toward dominant modalities and contributes 
to balanced performance across all classes, especially under 
long-tail class distributions. Above these, the three 
components form a hierarchical fusion pipeline that integrates 
multiscale encoding, cross-modal interaction, and adaptive 
decision fusion, which collectively contribute to the robustness 
and accuracy of the proposed framework. 

 Moreover, HAM-CFN maintains a lightweight 
architecture with 110 k parameters. More computational 
comparisons are listed in Table III, where the number of 
parameters denoted with * are estimated from their models. 
Compared with Transformer-based multimodal methods that 
typically exceed one million parameters, the proposed model 
achieves higher efficiency without sacrificing accuracy. 
Although the parameters in [24] is fewer than our model, 
significantly better metrics have achieved by our work. The 
lightweight characteristic makes our model more suitable for 
deployment on portable cardiac surveillance devices and 
clinical usage. 

The confusion matrix in Fig. 3 further illustrates the 
robustness of the proposed method. Overall, high recognition 
accuracy is achieved across most categories, indicating that the 
multimodal fusion strategy effectively captures 
complementary diagnostic cues from ECG and PCG signals. 
Certain confusion is observed between clinically similar 
classes, such as Benign and MVP, which is consistent with 
their overlapping acoustic characteristics. Nevertheless, the 
integration of multimodal features helps mitigate this 
ambiguity and improves classification robustness, particularly 
for minority classes augmented during training.  

TABLE I .  DATASET DESCRIPTION AND SAMPLE DISTRIBUTION 

Subject 

Type 

Number of Used 

Recordings 

Number of 

Samples 

Samples after 

Augmentation 

Normal 116 8896 8896 
MVP 122 9659 9659 

Benign 114 8559 8559 

AD 13 907 8000 
MPC 23 1844 8000 

 

TABLE II.  MAIN NETOWKR AND TRAINING HYPERPARAMETERS 

Hyperparameter Value 

Number of Attention Heads 4 

Embedding Dimension 64 
Dropout 0.5 

Optimizer AdamW 

Initial Learning Rate 1e-3 
Learning Rate Scheduler Warmup + CosineAnneal 

Batch Size 16 

Epochs 200 
Early Stopping Patience 30 epochs 

Label Smoothing 0.1 

Gradient Accumulation 4 steps 
Max Grad Norm 1.0 

 



The results could demonstrate that the fusion of 1D (raw 
signal) and 2D (spectrogram/scalogram) features contributes 
to higher robustness and generalization. For their 
complementary nature, 1D signals preserve precise temporal 
relationships, such as RR and PR intervals, which are crucial 
for arrhythmia detection, while 2D time-frequency diagrams 
reveal time-varying patterns of frequency components, 
essential for murmur classification and pathological staging. 
Additionally, certain CVD could manifest as changes in the 
time-domain waveform segment, when specific frequency 
band energy changes also occur in the time-frequency domain. 
Such correlations could be effectively captured by the 
proposed MSCE. The MSCE also addresses the cross-
temporal scale process that cardiac electrical activity changes 
on a millisecond scale according to action potentials, whereas 
mechanical activity occurs on a larger scale of time for valve 
opening and closing. These multiscale characteristics are 
deeply combined through the convolutional operations in this 
module. Consequently, the proposed multimodal fusion 

framework provides an effective and efficient solution for 
automated multi-class cardiovascular disease classification. 

V. CONCLUSION 

This paper proposes a novel multimodal fusion framework, 

HAM-CFN, for the classification of five cardiac disease 

categories from synchronized ECG and PCG signals. Three 

innovative modules constitute the network structure, 

including MSCE, BCMI, and ADF. The designed multimodal 

fusion strategies address key limitations of existing 

multimodal cardiac analysis methods, including inadequate 

fusion of electrical and mechanical cardiac information, lack 

of multiscale analysis, and high computational complexity. 

Using training-a dataset from the PhysioNet/CinC Challenge 

2016 database, HAM-CFN achieves an accuracy of 97.60%, 

specificity of 99.39%, and F1 score of 97.67%, outperforming 

existing multimodal studies. Despite these advances, the 

generalization of the model requires validation on larger and 

more diverse datasets, and further research should expand the 

classification scope to include additional cardiac conditions. 

Moreover, enhancing the interpretability of model decisions 

remains essential for clinical applications, necessitating the 

development of visualization tools for model attention. 
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