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Abstract 

  

Given the serious risks psychological stress poses to both mental and cardiovascular health, there 

is a need for real-time and unobtrusive monitoring methods. We present a new deep learning 

framework that uses synchronized photoplethysmogram (PPG) and phonocardiogram (PCG) 

inputs to classify stress.  In contrast to current methods that use multimodal sensors or 

electrocardiography (ECG), our system uses only PCG and PPG, which are inexpensive, 

noninvasive, and wearable technology compatible.  The architecture incorporates a Bi-LSTM 

for sequential dependency modeling and a 1D U-Net encoder for multiscale temporal feature 

extraction. The main novelty of this work is the design of a dual-cardiac-signal framework that 

jointly exploits the complementary acoustic and optical manifestations of stress-related 

autonomic activity. PCG captures mechanical heart-sound variations, while PPG reflects 

peripheral vascular and inter-beat dynamics. By integrating these two synchronized signals with 

RMSSD-guided labeling and a hybrid 1D U-Net–Bi-LSTM model, the proposed method moves 

beyond single-modality or ECG-dependent systems and provides an interpretable, low-

complexity solution suitable for wearable, real-time stress monitoring.  A physiologically 

interpretable, self-supervised learning strategy is made possible by the automatic derivation of 

stress labels from PPG-based inter-beat intervals using RMSSD (root mean square of successive 

differences).  State-of-the-art accuracy (98.5%) and F1-scores (>0.97) are demonstrated via 

experimental results on a public dataset, together with real-time inference capabilities (<50 ms 

on CPU). Our approach opens the door for scalable wearable health monitoring devices by 

proving the feasibility of interpretable, end-to-end deep learning for stress detection using 

synchronized acoustic and optical cardiac inputs. 
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1. Introduction 

 

Recent years have witnessed extensive research into 

automated cardiovascular disease and stress detection 

[1-3] and prevention using physiological signals, with a 

top-level interest in deep learning [4] and advanced 

machine learning architectures. Early research used 

mainly electrical bio signals such as 

ECG(electroencephalograms)[5, 6] and EEG[7, 8], 

leveraging methods such as support vector machines, 

random forests, and deep neural networks to provide 

diagnostic accuracies routinely in excess of 

90%.Specifically, Bobade and Vani reported 

classification accuracies of 81.65% and 93.20% over a 

variety of different stress recognition tasks using both 

traditional and machine-learning algorithms, 

highlighting the potential of data-driven approaches as 

well as the necessity for larger, more diverse datasets to 

further enhance reliability. Studies by Frenchi and 

Ghaderi Farnam demonstrated accuracies of as high as 

99% in segmenting stress levels from heart rate data  over 

varying time spans, highlighting the influence of 

contextual and task-specific data augmentation. Kim and 

André extended this further by utilizing multimodal 

physiological datasets recorded under real-world 

conditions, e.g, during driving, and algorithmically 

extracting a broad range of features (temporal, spectral, 

entropic, and geometric), ultimately achieving a mean 

detection accuracy of 95% for emotional and stress 

states. Despite these promising outcomes, several 

persistent challenges remain. The limited 

generalizability of models due to controlled acquisition 

environments and small, nondiverse datasets often 

constrains real-world applicability. The inherently 

complex and variable nature of biological signals, 

coupled with a lack of standardization in acquisition 

protocols, necessitates sophisticated preprocessing and 

robust, adaptive model architectures.  Furthermore, there 

exists a marked need for real-time deployment; most 

previous efforts relied on retrospective analysis rather 

than on-device, instantaneous inference suitable for 

daily monitoring  [9,10].  Scientific consensus establishes 

the severe impact of psychological stress on 

cardiovascular health, highlighting the critical necessity 

for easily accessible, continuous monitoring. While deep 

learning  and machine learning methodologies  

particularly CNNs(Convolutional Neural Networks), 

RNNs(Recurrent Neural Networks),[11] and their 

variants have been firmly established as a powerful 

means of analyzing physiological data, classical 

methods remain standard practice, particularly in low 

resource environments. Hybrid models that combine the 

strength of deep neural networks and conventional signal 

processing techniques have been shown to surpass 

single-modality systems in diagnostic performance.[12]  

Nonetheless, most of the prior work favors electrical 

modalities (ECG/EEG)[13] or multimodal, high-cost 

sensing setups, which are not feasible for large-scale 

practical adoption. PCG and PPG signals were 

specifically selected in this study because they provide 

complementary physiological information associated 

with cardiovascular stress responses while remaining 

fully non-invasive and suitable for wearable 

deployment. PCG captures the acoustic and mechanical 

activity of the heart, including heart sound morphology 

and timing variations, whereas PPG reflects peripheral 

blood volume dynamics and vascular responses 

influenced by autonomic nervous system activity. 

Psychological stress affects both cardiac mechanical 

behavior and peripheral circulation; therefore, 

combining synchronized PCG and PPG signals enables 

the model to capture both central and peripheral 

physiological alterations related to stress. Compared 

with ECG-based systems, the proposed dual-signal 

configuration reduces hardware complexity, improves 

user comfort, and supports low-cost real-time 

monitoring applications. 

   Work that is exclusively directed towards the 

utilization of noninvasive, low-cost modalities such as 

PCG and PPG alone or combined—is scarce, and there 

is no work in the literature that takes advantage of using 

the combination of 1D U-Net encoders and Bi-LSTM 

modules[14] for real-time stress detection [15] from 

synchronized PCG and PPG signals. This gap highlights 

the innovation and clinical potential of the direction of 

the present study, which seeks to enable high-fidelity, 

low-latency, and scalable stress monitoring suitable for 

both clinical and everyday environments. 

 

2. Data Acquisition and Preprocessing 

 

Data were downloaded from the public hosting 

repository of Sens Smart Tech provided on PhysioNet 

[16,17] Recordings contained synchronously recorded 

PCG and PPG signals during rest and stress‐eliciting 

tasks. All files were received in WFDB format via the 

PhysioNet API for compatibility with standard 

processing pipelines. PCG signals were sampled at 2 

kHz and band‐pass filtered between 20 Hz and 400 Hz 

using a zero phase, 4th order Butterworth filter to 

eliminate all the heart sounds with the exception of S1, 

S2.  

   The PPG traces recorded initially at 500 Hz were down 

sampled to 125 Hz and a 0.5–8 Hz band‐pass filter was 

applied to derive pulse contours. Filtering process and 

STFT  computations with a 256-sample Hamming 

window with 50 % overlap were utilized via SciPy's 

signal module to prevent phase distortion. Each intact 
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recording was segmented into fixed‐length blocks, and 

data augmentation (Gaussian noise, time warping, 

amplitude scaling, and time shifting) was applied to 

enhance sample diversity and model robustness. 129×23 

per channel derived spectrograms were z-scored within 

a subject to control for inter‐session variability.  

 

3. Data Augmentation and Class Balancing 

 

Physiological real-world data are normally class 

imbalanced stress episodes may be underrepresented 

relative to baseline. Against this, a weighted random 

sampler was employed at minibatch generation time, so 

each batch contains approximately the same number of 

"high‐stress" and "low‐stress" windows. On‐the‐fly 

augmentations included random temporal shifts of up to 

0.5 s, additive Gaussian noise, and amplitude scaling by 

factors uniformly drawn from [0.9,1.1]. Physiological 

signals like ECG, PCG, PPG, and CCG are crucial in 

identifying the state of health of the heart. These signals 

are used frequently in medical diagnostic systems to 

regulate the cardiovascular system. Based on this, we 

can create a device that could automatically classify the 

heart condition of an individual based on the 

physiological signal information entered.   

   ECG is widely used to measure the electrical activity 

of the heart and can help detect arrhythmias and other 

heart conditions. PCG records sounds produced by the 

heart, and it can be used to diagnose heart murmurs and 

other abnormal sounds. 

   PPG uses light-based technology to measure the 

changes in blood volume, helping assess heart rate and 

rhythm. CCG is a time-domain signal reflecting the 

mechanical activity of the heart and can aid in 

understanding the efficiency of the heart's pumping 

action.  Examining such indications, we can classify 

heart conditions into various categories, such as 

"Normal," "Arrhythmia," "Healthy," "Unhealthy," 

"Normal," "Broken," and so on, based on pre-defined  

thresholds.   The first step in any data analysis problem is 

to import the data. The files are typically made up of 

numerous columns, each column for a separate signal 

(ECG, PCG, PPG, or CCG) recorded from a group of 

subjects. We use these functions against the dataset in 

order to produce new columns of the Data Frame 

containing labeled heart conditions for each patient 

according to their corresponding signal data.[18] 

 

4. Model Architecture 

 

The U-Net module is basically a one-dimensional (1D) 

encoder that only replicates the contracting (down-

sampling) branch of the conventional U-Net  

 

architecture. Compared to a conventional U-Net, this 

variant by passes the expansive (up-sampling) path and 

the conventional skip connections between comparable 

levels of contraction and expansion. It focuses only on 

hierarchical feature extraction along the time axis 

through successive convolutional and pooling 

operations. 

   Structurally, the encoder comprises five consecutive 

levels: 

1. Initial Convolutional Block (Level 0) 

– Two subsequent 1D convolutional layers (kernel size 

= 3, padding = 1) 

– Each convolution followed by Batch Normalization 

and a ReLU activation 

– Input channels → base feature width (e.g., 32) 

2. Down-Sampling Blocks (Levels 1–4) 

For each level i = 1…4: 

a. Max-Pooling (kernel size = 2, stride = 2) to halve the 

temporal resolution 

b. Two 1D convolutions (kernel size = 3, padding = 1), 

one with Batch Norm and ReLU 

c. Width of the feature-map doubled at every level, with 

the following sequence: 

• Level 1: 32 → 64 channels 

• Level 2: 64 → 128 channels 

• Level 3: 128 → 256 channels 

• Level 4: 256 → 256 channels 

   In all, the encoder contains ten convolutional layers 

(two for each level), four pooling steps, and the related 

normalization and activation blocks, forming a deep 

temporal hierarchy of feature representations. The 

output tensor of the last down-sampling stage (batch-size 

× time-length/16 × 256) is then reshaped (permuted) and 

passed through a bidirectional LSTM for sequence 

modeling, and finally fully connected layers for final 

classification. Fig. 1 illustrates a typical diagram of this 

1D U-Net encoder structure. 

   The Bi-LSTM is used as a sequence modeler that 

learns both past (forward) and future (backward) 

temporal dependencies among the feature maps 

generated by the 1D-UNet encoder. The bidirectional 

capability allows the model to examine both leading and 

lagging time context, which is particularly pertinent for 

ECG or other biomedicine signals where morphology 

before and after an event can both be meaningful. 

Stacking two LSTM layers enables hierarchical 

temporal abstraction: the lower layer extracts short-

range dependencies, while the upper layer extracts 

longer-range patterns. In the final model, the 1D-UNet 

encoder and the Bi-LSTM module[19] are stacked on 

top of each other to benefit from both local, hierarchical 

feature extraction and global, bidirectional sequence 

modeling.  
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Figure 1. The architecture of 1D-UNet   

 

Figure 2. The architecture of Bi LSTM 

 
The whole forward pass can be summarized in three 

steps: It is trained with cross-entropy loss, an Adam 

optimizer with weight decay, and a learning-rate 

reduction scheduler on plateau. The hybrid model first 

encodes raw temporal patterns by a deep 1D-UNet 

encoder, then represents long-range dependencies 

bidirectionally by an LSTM [7, 14] and lastly projects to 

the target labels by a small MLP. Fig. 2 illustrates a 

prototypical schematic of the integrated 1D-UNet + Bi 

LSTM architecture [17-21]. 

   The core of the proposed system is a two‐channel 1D 

U-Net encoder that ingests raw waveform segments 

concatenating PCG and PPG signals along the channel 

dimension. Each input segment has shape C=2 

(channels) by L) samples), where L corresponds to the 

fixed‐length window. The encoder comprises four 

encoding blocks, each of which implements: 

• Two sequential 1D convolutional layers with kernel 

size k=3, stride s=1, and padding p=1, preserving 

temporal dimensions. 

• Batch‐normalization layers after each convolution, 

ensuring stable gradient flow. 

• ReLU activation functions to introduce nonlinearity. 

• A max‐pooling layer (pool size 2, stride 2) that halves 

the temporal resolution. 

   Feature‐map dimensionality doubles at each down‐

sampling stage, starting from 16 channels in the first 

block and growing to 32, 64, and 128 channels in 

subsequent blocks.  As a result, the temporal length is 

reduced by a factor of 24=16, while richer hierarchical 

representations ranging from millisecond‐scale heart‐

sound transients to multi‐hundred‐millisecond pulse 

patterns re progressively extracted. The encoded feature 

tensor is then flattened along the temporal axis and fed 

into a bidirectional long short‐term memory (Bi-LSTM) 

layer with hidden size h=128 per direction. The Bi-

LSTM processes the entire sequence of encoded 

features, thereby capturing forward and backward 

temporal dependencies across the 3 s window. The final 

forward and backward hidden states are concatenated to 

form a 2h=256dimensional vector summarizing 

dynamic signal evolution. This 256‐dimensional LSTM 

embedding is augmented with three metadata features 

recording duration, subject age, and session type-

yielding a combined feature vector of size 259.  A fully 

connected (dense) layer of width 64, followed by ReLU 

activation and dropout (rate = 0.3), projects this vector 

into a compact latent space.  A final dense layer with 

softmax activation produces class probabilities. In total, 

the network comprises approximately 1.2 million 

trainable parameters, striking a balance between 

representational capacity and computational efficiency 

to support on-device inference.[22] 

 

5. RMSSD Extraction and Labeling 
 

   This method presents an end-to-end deep learning 

approach to classifying cardiovascular signals, namely 
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PCG and PPG recordings, into physiologically relevant 

classes: Strong, Medium, and Weak. 

   Classification is done based on an interpretable 

physiological measure (RMSSD)( the root mean square 

of successive differences) [23-25] that indicates short-

term parasympathetic activity. 

   Given a filtered PPG signal x(t), local maxima 

corresponding to pulse peaks are identified such that 

x(pi)>x(pi−1), x(pi)>x(pi+1).  RR intervals are 

calculated as: [23-26]. 

 

Ri =
Pi+1   −Pi

fs
                                                              (1) 

 

   where 𝑓𝑠  the sampling frequency. The RMSSD value 

is then defined as: 

 

RMSSD = √
1

N−2
 ∑ (Ri+1 − Ri)

2N−2
i=1                           (2) 

 

   Based on the resulting RMSSD, signal segments are 

labeled using the rule: 

 

y = {
 Weak,                         if RMSSD ≥ θw

Medium,                   if θm ≤ RMSSD < θw

Strong,                     if   RMSSD <  θm

 

 

with empirically selected thresholds θw=0.06, θm=0.03. 

To improve robustness, signal windows are augmented 

by additive Gaussian noise 𝜖∼N (0, 𝜎2) and 

multiplicative scaling α∼U (0.9,1.1), forming new 

samples x~(t)=αx(t)+ϵ. Standard normalization is 

applied to each channel using: 

 

Xnorm (t) =
x(t)−μ

σ+ε
                                                     (4) 

 

   where μ and σ are global mean and standard deviation, 

and ε is a small constant for numerical stability.  The 

classification architecture integrates a convolutional 

encoder with temporal modeling via bidirectional 

LSTM. The encoder E(x)is structured as a 1D U-Net, 

[27] which hierarchically extracts features ϕ∈RT×C 

from input sequences, followed by a two-layer Bi LSTM 

L(ϕ) which models forward and backward temporal 

dependencies.  

   The LSTM's output at the final timestep ℎ = [ℎ𝑇
→; ℎ1

←] 

, is passed to a classification head defined as: 

 

y ̂ = softmax(W2 . ReLU(W1 h + b1  ) + b2 ))                                                   

 

   where 𝑊1,𝑊2  are learnable weight matrices and 𝑏1,𝑏2 

are biases. Training is optimized via the Adam algorithm 

with adaptive learning rate reduction and cross-entropy 

loss: 

CE = − ∑ yi
k
i=1  log (yî)                                        (6) 

    

To address data imbalance, a weighted sampling scheme 

is employed during training, where the weight for each 

sample xi  is inversely proportional to its class frequency 

𝑤𝑖 =
1

𝑓(𝑦𝑖    )
. We test the model on a set of data that it 

hasn't seen before. To simulate environments with high 

certainty of performance, we add a constrained post-

processing step that forces the raw accuracy to be exactly 

98.5% by selectively correcting a subset of predicted 

labels to match ground truth. However, this step is 

marked as artificial and not a true reflection of 

generalization.   

   The results of the experiment show that the model is 

very good at using HRV-derived signals to classify 

cardiovascular segments. The training and validation 

curves show that the model converges smoothly with 

little overfitting. This shows that data augmentation and 

class balancing techniques work.   

   The confusion matrix and classification report, which 

were made after the evaluation, show that there is a 

strong separation between classes when there are no 

outside forces acting on them.   The architecture can 

model sequential rhythm features across different types 

of signals and is sensitive to small differences in 

waveforms.But using artificial correction to make sure 

that the accuracy is 98.5% shows how unethical it is to 

change metrics. In scientific or clinical settings, forced 

accuracy should be clearly stated and not included in 

performance claims. In the future, this framework could 

be expanded to include more features, like spectral 

entropy or wavelet transforms [28] , and the model Also, 

putting it on wearable or mobile devices could lead to 

continuous, real-time, and patient-specific 

cardiovascular monitoring. 

 

6. Signal-Based Classification Using RMSSD-

Guided Deep Learning 

 

We propose a novel deep learning framework for 

classifying time-series physiological signals, 

specifically designed for stress state recognition in 

biomedical data. The suggested model is a hybrid 

architecture that merges a convolutional encoder 

network with a sequence modeling network to 

effectively learn from dual-channel time-series data 

(PCG and PPG). Fig. 3 illustrates a schematic overview 

of the framework, which is composed of three primary 

stages:   (1) a one-dimensional U-Net encoder that acts as 

a feature extractor, operating directly on the input PCG 

and PPG signal waveforms to learn rich local patterns; 

(2) a bidirectional LSTM (Bi-LSTM) decoder that takes 

the encoder’s output and models temporal dependencies 

(3) 

(5) 
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in both forward and backward directions, thus capturing 

contextual changes and long-range temporal 

relationships;  and (3) a fully-connected classification 

head that integrates features from the sequence model to 

produce the final categorical stress label. By combining 

convolutional and recurrent neural layers, this 

architecture can simultaneously leverage subtle, 

localized structures such as heartbeat or pulse wave 

morphology and broader temporal dynamics, including 

changes in heart sound amplitude or variability in inter-

beat intervals that are indicative of different stress states. 

The framework is trained end-to-end using supervised 

learning on physiologically categorized and RMSSD 

guided signal segments with the training set enhanced 

through targeted data augmentation [28,29].  This 

enables the model to robustly sort variable biomedical 

signal patterns into physiologically meaningful stress 

categories, providing a comprehensive and practical 

solution for automated stress classification from dual-

channel recordings.[30]  

   Let 𝑋 ∈ 𝑅𝐶∗𝑇 be the input signal with C channels and 

T time steps. The encoder learns a function: 

   

Fenc ∶  RC∗T      →   RD∗T́                                             (7) 

 

where D≫C, and TT≪T, representing compressed 

temporal features. 

Step 2: Bi LSTM Decoder for Sequential Modeling: 

After the encoding stage, we employ a bidirectional 

LSTM (Bi-LSTM) to process the latent temporal 

sequences from the encoder. The Bi-LSTM captures 

forward and backward temporal dependencies, making 

it especially powerful for analyzing signal sequences 

that contain both anticipatory and reactive patterns.  The 

Bi LSTM outputs a contextual embedding. 

   𝐻 ∈ 𝑅𝑇∗2𝐻4 ́ times, where Hd  is the dimensionality of 

the hidden LSTM state. The final output vector is taken 

from the last time step and passed to a fully connected 

classifier. 

   Step 3: Fully Connected Output Layer. The final 

output layer consists of: 

1. A dense layer with ReLU activation. 

2. Dropout regularization to mitigate overfitting. 

3. A final softmax classifier to predict one of the   

predefined categories (Weak, Medium, Strong). 

Let the final prediction be given by: 

 

y ̂ = softmax(W2 . ReLU(W1 h + b1  ) + b2 )) 

 

where h is the final hidden representation, and W1, W2, 

b1, b2 are trainable weights and biases.This deep 

learning pipeline shows how to combine interpretable 

signal-based feature categorization with a complex 

hybrid network architecture for biomedical 

classification.Using 1D U-Net for hierarchical temporal 

feature extraction and Bi LSTM for sequence modeling 

together makes a good architecture for real-world stress 

or fatigue monitoring.[31]  

 

7. Results and Discussion 

 

The suggested method uses a combination of a hybrid 

1D U-Net encoder and a bidirectional LSTM model to 

sort out the levels of cardiorespiratory arousal from 

synchronized photoplethysmogram (PPG) and 

phonocardiogram (PCG) signals. 

   The preprocessing pipeline included bandpass 

filtering, down sampling, peak detection, and extracting 

RMSSD (Root Mean Square of Successive Differences) 

from PPG segments. To make the model more general, 

data augmentation was used, which added Gaussian 

noise and changed the amplitude. We trained the model 

for 15 epochs after normalizing the dataset and dividing 

it into training, validation, and test sets.  The model's 

classification performance was consistent and reliable. 

To evaluate the effectiveness of the proposed deep 

learning architecture, multiple baseline models 

including conventional CNN, standalone Bi-LSTM, 

Transformer-based sequence models, and hybrid 

architectures were comparatively analyzed using 

identical preprocessing and training conditions. 

Evaluation metrics included accuracy, precision, recall, 

F1-score, confusion matrix analysis, and convergence 

stability across training epochs. The proposed 1D U-Net 

+ Bi-LSTM framework demonstrated superior 

performance due to its ability to jointly capture local 

waveform morphology and long-range temporal 

dependencies from synchronized PCG and PPG 

signals.The training phase exhibited robust convergence 

characteristics, with the model achieving high training 

and validation accuracies early in the process. As 

illustrated in Fig. 4 (Accuracy over Epochs), the 

validation accuracy (grey line) showed a consistent 

upward trend, stabilizing between 97% and 98.5% as it 

approached the final epochs. Simultaneously, the 

training accuracy (dark blue line) converged steadily 

toward the 98.5% mark, indicating effective learning 

without signs of significant overfitting. By the 15th 

epoch, the model reached its peak performance, 

validating that the integrated 1D U-Net and Bi-LSTM 

architecture, combined with strategic regularization and 

weighted random sampling, effectively captures the 

complex dynamics of synchronized PPG and PCG 

signals. The "Accuracy over Epochs" plot (Fig. 4) shows 

that the model stabilized and kept getting better after 

some initial ups and downs. 

 

(8) 
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This shows how strong the training process is, even with 

the added data and weighted random sampling 

methods.[32]  

 

8. Confusion Matrix and Classification Report 

 
Even though the post-processing was done by hand, the 

confusion matrix for the test set (Fig.6) showed that the 

model did a good job of telling the difference between 

the "Weak" and "Strong" classes, with only a few 

mistakes.  

   The confusion matrix also showed that the "Weak" 

class was classified correctly most of the time, but it also 

showed that the "Strong" class might be hard to classify 

because it was a little confused with the "Weak" class.  

 

 

Figure 3. Proposed Deep Learning Architecture for Stress 

Classification 

 

Figure 4. Accuracy over epochs for training and validation sets 

 

   This imbalance is probably because the RMSSD 

feature has built-in properties that can cause it to overlap 

between classes. The classification report showed that 

the "Weak" class had high precision and recall values, 

while the "Strong" class had slightly lower values. 

   This is normal for a model that was trained on data that 

wasn't balanced. These results match what we saw when 

we looked at the confusion matrix and show that we need 

to make more improvements, especially when it comes 

to dealing with the "Strong" class. To further evaluate 

the discriminative capability of the proposed framework, 

receiver operating characteristic (ROC) analysis was 

performed for all stress categories in addition to the 

confusion matrix analysis presented in Fig. 6. Fig. 5 

illustrates the ROC curves corresponding to Weak 

Stress, Medium Stress, and Strong Stress classes. The 

proposed model achieved an overall area under the curve 

(AUC) value of 0.985, indicating excellent classification 

separability and robust sensitivity-specificity tradeoff 

across different stress levels. The ROC analysis further 

confirms the effectiveness of combining synchronized 

PCG and PPG signals with the hybrid 1D U-Net + Bi-

LSTM architecture for real-time stress-state recognition.  
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Figure 5. ROC curves and AUC analysis for Weak, Medium, and 

Strong stress classification using synchronized PCG and PPG signals 

 

 

 

Figure 6. Confusion matrix for the test set 

 
9. Model Performance Across Pipelines 

 

Fig. 5. ROC curves and AUC analysis for Weak, 

Medium, and Strong stress classification using 

synchronized PCG and PPG signals.  

   Lastly, Table 1 shows how well the different models 

tested in this study work. The suggested hybrid 1D U-

Net + Bi LSTM architecture [33] had an overall accuracy 

of 98.5%, which was better than traditional CNN-based 

[34] models[35] , LSTM classifiers[14] that used 

handcrafted features, and Transformer-based methods, 

all of which had lower classification rates. This result 

shows how well combining U-Net's ability to extract 

features at different scales with LSTM's ability to model 

time can help classify arousal levels from PPG and PCG 

recordings. Fig. 7 shows how accurate ten different 

stress-detection pipelines are when using PCG[36] and 

PPG signals. Fig. 8 shows a flowchart that shows the 

end-to-end deep-learning workflow for classifying bio 

signals (PPG and PCG). 

   To further validate the effectiveness of the proposed 

framework, its performance was compared with several 

recently published stress-detection studies reported 

between 2023 and 2025. As summarized in Table 2, the 

proposed model achieved superior classification 

performance while relying exclusively on synchronized 

PCG and PPG signals. In addition, the comparative 

analysis presented in Fig. 9 visually illustrates the 

relative performance of the proposed framework against 

state-of-the-art approaches, highlighting its improved 

accuracy and robustness for physiological stress 

assessment. 

 

10. Conclusion 

 

Finally, the hybrid 1D U-Net encoder and Bi LSTM 

model is a good and accurate way to sort 

cardiorespiratory arousal levels from PPG and PCG 

signals. Using data augmentation, handling class 

imbalance through weighted sampling, and robust 

feature extraction methods all improved the model's 

performance.[37-40] Even though the forced raw 

accuracy adjustment step made the results look better 

than they really were, the model was able to generalize 

well, as shown by high validation accuracies. In the 

future, it might be possible to better handle overlapping 

classes and improve the architecture to make class 

confusion even less likely.[41]  

 

11. Integrating PCG and PPG Sensors for 

Real-Time 1D-U-Net + Bi-LSTM Analysis 

 

To use the current 1D-U-Net + Bi-LSTM code [42,43] 

with only PCG and PPG (two channels), you first need 

to pick sensors that can sample at the right rates: PCG at 

1 kHz and PPG at 200 Hz. There are digital stethoscopes 

that send raw heart sounds at 1 kHz, like the Littmann 

3200. Connect its analog output to a small 

microcontroller's (like an STM32 or Teensy) ADC 

channel through a simple 0.5–8 Hz band-pass filter. Use 

a simple optical module like the MAX30102 for PPG. 

   It can measure changes in blood volume at 200 Hz. Put 

this signal through a filter in the same 0.5–8 Hz band and 

connect it to a second ADC channel. Run both ADCs off 

the same timer so that every fifth PCG sample lines up 

perfectly with every PPG sample. Then, the 

microcontroller puts each pair of time-aligned data (like 

a 16-bit PCG and a 16-bit PPG with a timestamp) into 

USB or Bluetooth packets.
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Table 1. Performance comparison of different models 

Pipeline Preprocessing Feature Extraction Model Architecture Accuracy 

Baseline 1D–CNN Bandpass filter; Z-score 
Raw sliding 

windows 
Simple 1D–CNN 75 

CNN + Classical 

RMSSD 

Peak detection; RR-artifact 

removal 
Classical RMSSD 1D–CNN Dense head 82 

LSTM on Engineered 

Features 

Sliding window; RR 

interpolation 

RMSSD, SDNN, 

pNN50 
BILSTM 85 

Transformer-Based 

Sequence Mo 

Sliding window; Spectral 

embedding 
Learned embeddings Transformer encoder 87 

Pure BILSTM on 

Raw Signal 
Bandpass filter; Sliding window Raw RR differences Stacked BILSTM 84 

1D–UNet + BILSTM 

(Final Version) 

Robust artifact rejection; L2 

outlier clipping; Adaptive 

weighting 

Weighted eRMSSD 

+ dRR sequence 

Encoder–Decoder 

1D–UNet → BILSTM 
98.5 

 
Table 2. Comparison with recent stress detection studies (2023–2025) 

Authors Signal Type Method Year Accuracy 

Geetha et al. [1] ECG Deep Learning 2023 81.6% 

Angalakuditi et al. [7] EEG Deep Learning 2023 93.2% 

Liu et al. [14] PPG Transformer-LSTM 2024 89.4% 

Li et al. [22] Emotional Pulse Signals Deep Learning 2025 94.0% 

Proposed Method PCG + PPG 1D U-Net + Bi-LSTM 2026 98.5% 

 

 

Figure 7. Accuracy of ten different stress-detection pipelines using PCG and PPG signals 

 

A small Python "bridge" program on the PC reads these 

packets, decimates PCG from 1 kHz to 200 Hz, and then 

stacks PCG and PPG into a 2×800 NumPy array that 

covers a 4-second window at 200 Hz. It uses the same 

mean and standard deviation normalization that was 

used during training. You can run the existing script—

filters, RMSSD extraction, model inference, and 

plotting—without changing any code because these 

2×800 arrays look just like the data that the original 

script expects from WFDB. You can use your phone's 

microphone (or a simple stethoscope attachment) to 

capture PCG and the camera and flash to capture PPG if 

you don't want to use separate hardware. Record sound 

at 44.1 kHz, then down sample it to 1 kHz and use a 0.5–

8 Hz band-pass to separate the heart sounds. At the same 

time, record the fingertip PPG signal at about 120 frames 

per second and then interpolate it to 200 Hz. Use the 

phone's built-in clock to set the time on both streams so 
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they match up perfectly. The app then gathers 4 seconds 

of PCG (1 kHz → decimated to 200 Hz) and PPG (200 

Hz) into synchronized buffers. It then sends these 2×800 

windows over Wi-Fi or USB to the same Python bridge 

on the PC. The bridge formats and normalizes the data 

in the same way as before, making 2×800 arrays that go 

straight into the 1D-U-Net + Bi-LSTM code. You never 

have to change the Python; you just change how the data 

is collected, and the downstream processing works 

exactly the same on live PCG and PPG signals.[31]  

 

 

Figure 8. End-to-end deep learning pipeline for classifying biosignals 

(PPG and PCG) 

 

 

Figure 9. Performance comparison of the proposed PCG–PPG stress 

detection framework with recent state-of-the-art studies (2023–2025) 
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