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Modular deep residual network for driver stress detection  

based on photoplethysmography 
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Conventional approaches to driver stress detection frequently depend on complex multimodal sensor systems, which involve 

intrusive and costly data acquisition procedures. In contrast, this study explores the hypothesis that the photoplethysmography 

(PPG) signal can independently provide reliable indicators of stress. To evaluate this premise, we present a modular end-to-

end deep residual network specifically designed to balance high classification accuracy with relatively low computational 

complexity. The architecture incorporates several optimization techniques, starting with optimal design of input layers that 

reduce spatial resolution and extract key features, eliminating the need for manual feature engineering. By leveraging bottleneck 

residual blocks enhanced with multi-branch mechanisms, our model improves overall accuracy. Each branch within the block 

applies distinct convolutional operations, enabling the extraction of both global and local features across multiple hierarchical 

levels. A comprehensive evaluation on two public datasets demonstrates that our model achieves accuracy over 98%, 

outperforming state-of-the-art methods while balancing complexity and performance. These findings highlight the model’s 

potential for integration into real-world driving environments. 
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1 Introduction 

Detection of driver stress is critical to many appli-

cations, particularly in the development of advanced 

driver assistance systems (ADAS) and autonomous 

vehicles. Stress detection can help improve driver safety 

by identifying situations where a driver may be impaired 

due to stress, enabling timely intervention. Furthermore, 

understanding stress levels can assist in enhancing the 

overall driving experience by personalizing the in-

vehicle environment, such as adjusting seat comfort, 

temperature, or audio settings based on the driver’s 

emotional state. Extensive research on stress monitoring 

using wearable devices has been conducted in [1]. 

Several sensor modalities, including electrodermal 

activity (EDA), skin temperature (TEMP), accelero-

metery (ACC), electromyography (EMG), and electro-

cardiogram (ECG), have been explored for monitoring 

driver stress [2]. However, this paper focuses on 

photoplethysmography (PPG) as the sole modality for 

stress detection. The PPG signal provides valuable 

insight into dynamic blood volume pulse (BVP) changes 

in the body’s extremities, offering a direct measurement 

of several physiological and cardiovascular parameters, 

including heart rate (HR), heart rate variability (HRV), 

oxygen saturation (SpO2), and respiratory rate (RESP) 

[3, 4]. In stressful situations, fluctuations in HR and 

HRV, driven by autonomic nervous system activity, lead 

to alterations in HR and HRV patterns, making them 

effective indicators of stress levels in drivers [5]. 

While multi-modal sensor systems may offer 

advantages in certain contexts [6], this study focuses 

exclusively on PPG sensors for driver stress detection 

for several compelling reasons. First, PPG is a non-

invasive optical technique that measures blood volume 

changes through the skin using simple sensors [7]. This 

approach eliminates the need for direct skin contact or 

electrodes, minimizing the risk of irritation and 

enhancing user comfort. Additionally, PPG can be 

seamlessly integrated into commonly used wearable 

devices, such as smartwatches or fitness trackers, 

making it more acceptable and comfortable for drivers. 

This integration allows them to maintain regular 

activities without added discomfort. Moreover, PPG 

provides crucial physiological metrics, including heart 

rate, heart rate variability, and arterial stiffness – 

parameters strongly correlated with stress levels. These 

features serve as reliable indicators of stress, eliminating 

the need for additional sensors. Finally, by relying solely 

on PPG, the cost of sensor deployment and maintenance 

is significantly reduced compared to multi-modal setups, 

making it a cost-effective solution for stress detection in 

automotive applications. 

Examples of signal segments corresponding to three 

stress level categories (low, medium, and high) are 

provided in Fig. 1. It is evident from the visual repre-

sentations that the recorded PPG signal contains  

a considerable amount of noise, presenting a significant 

challenge for traditional machine learning techniques 

that rely on manual feature extraction. However, recent 

advancements in deep learning, which have demon-

strated remarkable success in fields such as computer 

vision [8] and natural language processing [9], have 

encouraged researchers to investigate its potential for 
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addressing complex time-series classification problems. 

A key advantage of deep learning methods lies in their 

inherent ability to automatically extract novel discrimi-

native features directly from noisy input signals. 

Motivated by this potential, our goal was to develop 

a highly accurate deep learning model for driver stress 

recognition using only PPG signals, while ensuring the 

network remains compact and executes rapidly. 

Achieving this objective requires the development of  

a modular end-to-end deep learning architecture, 

denoted as PPGResNet, that minimizes operational 

complexity without compromising accuracy. This archi-

tecture prioritizes both flexibility and performance, 

enabling effective analyses of raw, non-preprocessed 

signals, which is essential for real-time applications 

where computational resources may be limited. The 

proposed network’s design is meant to serve as a base-

line and can be further simplified by downsampling or 

filtering the input signal prior to feeding it into the 

model. 

Thus, the main contributions of this study are 

summarized as follows: 

• We propose a compact, modular end-to-end deep 

learning model for accurate driver stress detection 

using only PPG signals. Efficiency is achieved 

through input layers that reduce spatial resolution and 

extract key features, followed by bottleneck residual 

blocks with a multi-branch design. 

• The proposed network design can serve as a baseline 

and can be further simplified by downsampling or 

filtering the input signal. Its modular structure allows 

for easy adjustments and extensions, enabling the 

model to be adapted to various biomedical signals 

without the need for a complete redesign. 

• We analyze design trade-offs and provide a quanti-

tative evaluation of accuracy and efficiency using 

two public driver stress datasets. Our model achieves 

over 98% accuracy on both, demonstrating strong 

performance. 

The paper is organized as follows: Section 2 presents 

an overview of the current literature on the application 

of artificial intelligence methods for assessing driver 

stress levels. Section 3 describes the proposed multi-

branch deep residual network architecture. Section 4 

details the benchmark datasets, data preprocessing 

procedures, and implementation specifics. The achieved 

results are presented and discussed in Section 5. Finally, 

Section 6 summarizes the conclusions of the paper and 

outlines directions for future research. 

 

Fig. 1. Examples of PPG signals during low, 

medium, and high stress intervals 

 

2 Related work 

Earlier time-series classification approaches prima-

rily relied on traditional machine learning methods such 

as Decision Trees, Support Vector Machines (SVM), 

and k-Nearest Neighbors (kNN) [10, 11]. Feature ex-

traction can be performed across various domains using 

linear and non-linear methods or by transforming, 

combining, or aggregating existing features [2, 12].  
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In [13], driver stress classification was conducted by 

extracting statistical features and utilizing a Random 

Forest algorithm for classification. Similarly, the study 

in [14] aimed to differentiate between low and high 

stress levels by grouping drivers into different profiles 

based on physiological responses derived from EDA and 

HR. A normalized spectral clustering technique was 

employed for profile clustering. The impact of varying 

window sizes was explored in [15], revealing that longer 

windows enhance classification performance. However, 

the use of shorter window sizes may be preferable in 

dynamic environments, such as driving, where rapid 

changes require a more responsive stress detection 

approach. 

Deep learning offers an alternative approach in which 

models autonomously extract features from raw time-

series data, thereby eliminating the need for manual 

feature engineering. However, a known limitation of 

deep learning methods is their relatively high compu-

tational cost, particularly when employing deep network 

architectures and processing large input datasets. This 

challenge motivated our research to investigate the 

optimal design of a deep learning model that balances 

computational efficiency with high classification 

accuracy for time-series data. When examining driver 

stress levels, the deep learning architecture in [16] 

consists of several convolution layers with varying 

numbers of filters followed by a Global Average Pooling 

layer, a FC layer, and an LSTM layer. Another method 

that was employed is a Self-Supervised Learning 

approach [17]. Here, an encoder was trained using 

distinct representations of the following signals: ACC, 

BVP, EDA and TEMP. The architecture was inspired by 

Inception model [18], featuring blocks with multiple 

parallel layers whose outputs are stacked to form the 

final output. Multi-branch architectures were utilized in 

[19] by incorporating separate branches for each signal 

and a concatenating layer to learn shared encoded 

features. The overall loss was defined as the sum of 

losses from all branches. The features were extracted 

from BPV, EDA and TEMP signals, resulting in a total 

of 72 features. In [20] relatively high stress detection 

accuracy was achieved by fusing EDA, EMG, RESP, 

and TEMP signals. Each signal was processed through  

a dedicated convolutional block, and their outputs were 

concatenated and passed through fully connected layers 

in a three-stage sequence. 

Recurrent Neural Networks (RNNs) were preferred 

options for time-series problems in the past [21, 22], due 

to their ability to handle sequences of varying lengths 

[23, 24]. They incorporate the concept of a hidden state 

within each unit, serving as the memory of the unit. 

However, learning long-term dependencies with RNNs 

poses challenges as gradients propagated across many 

stages tend to vanish or explode [24]. To address these 

challenges, gated RNNs are employed [25], the most 

common ones being Long Short-Term Memory (LSTM) 

networks [9, 26]. In multimodal wearable activity re-

cognition, architectures like DeepConvLSTM are widely 

used [27]. Another influential deep learning architecture, 

the Residual Neural Network (ResNet), was originally 

introduced in [28], it reformulates the learning objective 

by enabling the network to learn a residual function 

defined as F(x) = H(x) − x, rather than directly approxi-

mating the target mapping H(x). This transformation 

allows the original function to be expressed as F(x) + x, 

which is implemented using shortcut connections in  

a feedforward neural network. These connections bypass 

one or more layers without introducing additional para-

meters or computational overhead. 

To support stable and efficient training in deep 

convolutional neural networks (CNNs), residual con-

nections are employed to alleviate the vanishing gradient 

problem, thereby enabling the network to effectively 

learn complex patterns in time-series data such as PPG 

signals. Although CNNs are not inherently designed to 

capture long-range sequential dependencies, this 

limitation is not limited to critical for our application. 

The PPG signal is characterized by a quasi-periodic 

structure linked to individual heartbeats, with each cycle 

typically lasting around one second [29]. Moreover, 

wearable PPG sensors generally operate at relatively low 

sampling rates, typically ranging from 50 to 200 Hz. 

To further enhance model performance, we introduce 

multi-branch Residual Blocks that process multiple 

temporal resolutions in parallel, enabling the extraction 

of both short-term and long-term features [30]. 

 

3 Proposed modular deep residual network 

   architecture 

In this section, we introduce the PPGResNet, a modu-

lar deep residual network architecture specifically 

designed for classifying PPG time-series data. It is 

organized into three primary stages: an optimized input 

module, a central core composed of multi-branch resi-

dual blocks, and a final output module. The input stage 

employs several layers designed to reduce spatial 

resolution efficiently while highlighting the most salient 

features. This is followed by a sequence of Multi-Branch 

Residual Blocks (MBRBs), which offer modularity by 

allowing easy adjustment of both the number and 

configuration of blocks without needing to redesign the 

overall architecture. By combining outputs from 

multiple parallel branches, the model effectively 

captures both global and local temporal dynamics. A key 

aspect of the design is the integration of bottleneck 

layers within the residual blocks, which substantially 

decrease computational demands while maintaining 

high accuracy. The network concludes with output 

layers that incorporate regularization techniques and 

enable the modelling of complex, long-range depen-
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dencies. Figure 2 provides a comprehensive overview of 

the full network architecture, with further details 

described in the subsequent sections. 

 

3.1 Input layers 

Our input layer structure prioritizes two key aspects: 

reducing spatial resolution and selecting prominent 

signal features [28]. The model architecture begins with 

a strided convolutional layer with a larger filter size, 

commonly used for downsampling [31]. This is followed 

by a Max Pooling layer, which further reduces spatial 

dimensionality and enhances feature selection by re-

taining the maximum value within each pooling region, 

effectively filtering out less relevant and noisy 

information. 

Let the input signal be represented as tensor 

𝑋 ∈  ℝ𝑇𝑥𝐶, where is the number of time steps and  

C = 1 is the number of input channels, as only a single 

wrist sensor signal is used as prior studies indicate 

minimal variation in PPG signals between the wrists 

[32]. Each convolutional layer applies 𝐹𝑖 filters with 

kernel size 𝑘𝑖, stride 𝑠𝑖, and padding 𝑃𝑖, resulting in  

a temporal dimension reduction described by: 

𝑇𝑖+1 = [
𝑇𝑖 − 𝑘𝑖 + 2𝑃𝑖

𝑠𝑖
+ 1] (1) 

while the number of channels expands from C to 𝐹𝑖, after 

the ith convolution. Similarly, the Max Pooling layer 

reduces the temporal dimension by a factor equal to its 

window size p: 

𝑇𝑗+1 = [
𝑇𝑗

𝑝
] (2) 

Through this sequence of operations, the temporal 

resolution is progressively reduced, balancing compu-

tational efficiency with preservation of critical features. 

All convolutional layers have 64 output channels, 

offering an effective trade-off between model com-

plexity and performance. 

 

Fig. 2. The proposed PPGResNet – a modular residual network architecture with stacked MBRBs 

 

3.2 Multi-branch residual blocks (MBRBs) 

After the initial input data processing, the model 

incorporates a series of N stacked MBRBs, as illustrated 

in Fig. 3. Each block consists of multiple parallel 

branches, allowing the network to extract multi-scale 

and diverse features from the input. The blocks can vary 

in structure, offering flexibility for feature extraction at 

different depths. Using multiple branches instead of 

increasing depth helps shorten the paths between input 

and output, improving the model’s capacity to learn 

long-range dependencies [33]. 

Formally, given the input feature map 𝑋 ∈  ℝ𝐶𝑥𝐿 

with C channels and a sequence length L, each MBRB 

computes its output 𝑌 as: 

𝑌 = 𝑋 +  ∑ ℱ𝑖(𝑋)

𝑚

𝑖=1

 (3) 
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where m is the number of parallel branches, and ℱ𝑖(∙) is 

the nonlinear transformation performed by the ith branch. 

For each branch, ℱ𝑖 is modelled as a sequence of 

convolutional layers combined with Batch Norma-

lization and activation functions. For a branch with 

k layers: 

ℱ𝑖(𝑋) = 𝐶𝑜𝑛𝑣𝑖,𝑘 (𝐶𝑜𝑛𝑣𝑖,𝑘−1 (… 𝐶𝑜𝑛𝑣𝑖,1(𝑋))) (4) 

It is important to note that feature maps 𝑋 and ℱ𝑖(𝑋) 

have compatible dimensions for element-wise addition. 

This multi-branch structure enables each branch to 

capture features at different temporal resolutions, using 

varying filter sizes per branch. The residual connection 

𝑋 allows gradients to flow more easily during back-

propagation, mitigating vanishing gradient problems and 

improving training stability. 

 

 

Fig. 3. Generic representation of the MBRB 

 

For practical implementation, we explored several 

variations of these blocks: 

• Single-branch residual block: This is the simplest 

configuration consisting of a single branch with two 

convolutional layers and a residual shortcut, similar 

to the original ResNet basic block [28]. We selected 

a filter size of 3 to capture fine-grained local features, 

assuming that global features are already abstracted 

by preceding input layers. Larger filters could capture 

broader contexts, but they also increase parameter 

count and risk overfitting. 

• 3-branch residual block: This configuration has 

three parallel branches with different filter sizes, 

enabling the block to extract multi-scale features 

simultaneously. Even if branches share the same 

filter size, their independent initializations allow 

them to learn distinct features. This promotes richer 

feature representations and network stability by 

providing multiple signal propagation paths. 

 

 

• 3-branch residual block with bottleneck: Inspired 

by the bottleneck design introduced in the original 

ResNet architecture [18, 30], this variant introduces 

1×1 convolutions as linear projections to reduce the 

number of parameters and computational cost. The 

bottleneck module first compresses feature dimen-

sionality via a 1×1 convolution, then applies larger 

kernel convolutions to extract complex patterns, 

followed by another 1×1 convolution to restore the 

original channel dimensions. 

Each convolutional layer is followed by a Batch 

Normalization (BN) layer, which addresses issues such 

as exploding and vanishing gradients and helps prevent 

the network from becoming stuck in suboptimal minima 

[18]. By normalizing the inputs to each layer, BN 

stabilizes the learning process and accelerates con-

vergence. Furthermore, it has a slight regularization 

effect that can help reduce the risk of overfitting [8]. 

To enable the network to model complex, non-linear 

relationships, we apply the Rectified Linear Unit (ReLU) 

activation function after each normalization step. 

 

3.3 Output layers 

Before reaching the final layer, we incorporate an 

Adaptive Average Pooling layer followed by a Drop-out 

layer and a Fully Connected classification layer. 

The Adaptive Average Pooling layer compresses 

each feature map to a fixed-size output, regardless of the 

original temporal length of the signal. This ensures 

consistent input dimensions for the following layers and 

improves generalization by summarizing temporal 

features: 

𝑧𝑐 =  
1

𝐿
∑ 𝑥𝑐,𝑡  

𝐿

𝑖=1

(5) 

where 𝑥𝑐,𝑡 is the activation at time step t and channel c, 

and L is the temporal dimension after convolution and 

pooling. 

To further improve generalization and prevent 

overfitting, we apply Dropout with probability 𝑝 = 0.2, 

which randomly disables the fraction of the feature 

elements during training. The resulting feature vector is 

then passed to the Fully Connected Layer that computes 

class logits. These are transformed into output proba-

bilities using the Softmax function. 
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4 Evaluation details 

To conduct a comprehensive evaluation of driver 

stress level recognition, we employed two publicly 

available datasets. 

 

4.1 Datasets 

The AffectiveROAD dataset [37] contains 13 

driving sessions performed by 10 distinct drivers. Each 

drive spanned approximately 85 minutes, incorporating 

a 30-minute rest interval. These routes include a variety 

of road types and environmental conditions, leading to 

varying degrees of stress. A hu-man observer, situated in 

the back seat, subjectively estimated the stress levels 

using a laptop-based slider scale that ranged from 0 (no 

stress) to 1 (extremely high stress). After the drives, the 

drivers were asked to review and, if needed, change the 

stress scores based on their perception. Participants wore 

two physiological devices: the Empatica E4 on both 

wrists and the Zephyr Bioharness 3 on the chest, 

capturing data like BVP, EDA, TEMP, and ACC. 

Additional evaluation was conducted using the 

multimodal dataset for Wearable Stress and Affect 

Detection – WESAD [38]. The data was collected using 

two recording devices: the RespiBAN Professional on 

the subject’s chest and the Empatica E4 on the wrist of 

the non-dominant hand. A total of 17 subjects parti-

cipated in the study, but the data from two participants 

was excluded due to sensor mal-function. Participants 

first had a 20-minute baseline session, followed by 11 

video clips to induce amusement, then the Trier Social 

Stress Test including a speech and mental arithmetic.  

A guided meditation followed to return them to baseline. 

Both datasets used the Empatica E4 sensor to record 

BVP data at 64 Hz. 

 

4.2 Data preprocessing 

To capture local temporal characteristics and dyna-

mics, it is common to segment the continuous time series 

into smaller overlapping or non-overlapping segments, 

known as sliding windows or time windows. Before 

segmenting the data into windows, all features were 

standardized to ensure comparable scales across 

variables and improve model training stability. This 

preprocessing step reduces bias caused by differing 

magnitudes of sensor measurements and facilitates faster 

and more reliable convergence during model training. 

Sliding window segmentation enables the analysis of 

short segments of the signal, preserving temporal 

resolution while increasing the amount of data for 

feature extraction and model training. This approach is 

particularly useful for handling non-stationary signals, 

where statistical properties change over time, as it allows 

the model to focus on local temporal contexts. The 

choice of window length and the amount of overlap 

between consecutive windows are crucial parameters. 

Larger windows may capture more global information 

but can smooth over important transient features, while 

smaller windows emphasize local details but might lose 

context. Overlapping windows help to maintain 

continuity between segments and provide a more 

comprehensive representation of the time series. 

Each window has a fixed length W, and con-secutive 

windows overlap by O samples. To quantify the overlap, 

we define the overlap ratio: 

𝛼 =  
𝑂

𝑊
, 0 ≤  𝛼 < 1 (6) 

which represents the fraction of the window length 

shared between adjacent windows. The starting index of 

the ith window, denoted si, is given by: 

𝑠𝑖 = 𝑖 𝑊 (1 − 𝛼), 𝑖 = 0, 1, 2, … (7) 

which shifts each window by a fraction 1 − 𝛼 of its 

length to ensure consistent overlap. Thus, the ith window 

covers the following data segment: 

𝑤𝑖𝑛𝑑𝑜𝑤𝑖 = [𝑠𝑖 , 𝑠𝑖 + 𝑊 − 1] (8) 

To effectively apply sliding window segmentation on 

these datasets, it is crucial to assign consistent labels to 

each window segment. The WESAD dataset provides 

ground truth labels for four distinct affective states 

(baseline, stress, amusement, and meditation) at each 

time step. When segmenting the data into windows, 

some windows may contain conflicting labels; in such 

cases, the label assigned to the window is determined by 

majority voting, selecting the affective state that appears 

most frequently within the window. On the other hand, 

the AffectiveROAD dataset provides continuous 

relative stress scores rather than discrete labels. To 

utilize these scores for classification, we compute the 

average stress level within each window and discretize 

it into three categories: low (0 – 0.4), medium (0.4 – 

0.75), and high (0.75 – 1), following the methodology in 

[39]. This categorization is based on the assumption that 

stress levels are generally high during city driving, 

medium on highways, and low during rest periods. 

 

4.3 Implementation details 

The models were developed and trained on virtual 

machines equipped with Intel Xeon CPUs running at 2.2 

GHz and 12 GB of RAM, providing a balanced 

computational environment for efficient experi-

mentation. Our implementations were carried out using 

the PyTorch deep learning framework, which offers 

flexibility and optimized performance for training neural 

networks. For optimization, we employed the Adam 

optimizer due to its adaptive learning rate capabilities, 
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setting an initial learning rate of 0.002. Training was 

performed over 30 epochs with a learning rate scheduler 

that reduced the rate by 85% every 3 epochs to ensure 

stable convergence. Model performance was assessed 

using 5-fold cross-validation for robustness across data 

splits. To ensure reproducibility, a fixed random seed 

controlled all sources of randomness, including data 

shuffling and weight initialization. 

 

5 Experimental results 

For the experimental evaluation, we will use the 

following notation to represent specific configurations 

of our modular network: 

𝑃𝑃𝐺𝑅𝑒𝑠𝑁𝑒𝑡𝑵 (𝑠1  − 𝑠2 −. . . −𝑠𝑘  , [𝑏𝑜𝑡𝑡𝑙𝑒𝑛𝑒𝑐𝑘]) 

where N represents the number of MBRBs, values si 

represent the filter sizes of the filters in each of the 

branches. The optional [bottleneck] tag indicates the use 

of a bottleneck structure within the block. As a first step 

in our evaluation, we sought to determine the optimal 

sliding window length by comparing model accuracy 

across a range of window sizes, from 4 to 16 seconds. 

The overlap between consecutive windows was fixed at 

75%. The results for the AffectiveROAD dataset are 

presented in Table 1. 

For the evaluation, we use well-established metrics: 

accuracy and F1 score. 

Accuracy (Acc.) is defined as the ratio of correctly 

classified samples to the total number of samples: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 (9) 

The F1 score is the harmonic mean of precision and 

recall, providing a balanced measure especially in the 

presence of class imbalance: 

𝐹1 𝑠𝑐𝑜𝑟𝑒 = 2 
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∙ 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 (10) 

where: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
, 𝑅𝑒𝑐𝑎𝑙𝑙 =  

𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (11) 

Here, TP, TN, FP, and FN refer to true positives, true 

negatives, false positives, and false negatives, 

respectively. 

Based on the results obtained, we selected an  

8-second window size for further experiments and 

proceeded to assess the effects of different overlap ratios 

between consecutive sliding windows. The impact on 

classification accuracy is summarized in Tab. 2, where 

we compared overlap ratios of 50%, 75%, and 87.5%. 

These specific overlap values were chosen because all 

windows in the 50% overlap set are also included in the 

75% overlap set, and the same holds true for the 75% 

and 87.5% overlap sets. This approach effectively 

increases the sample size while retaining previous 

samples, thereby enlarging the training dataset and 

reducing the risk of overfitting. Although the training 

accuracies across all three overlap variations are quite 

similar, the validation accuracies highlight the 

differences in performance. 

 

 

Table 1. Comparison of different window lengths on the AffectiveROAD Dataset (75% overlap) 

 4 seconds 8 seconds 12 seconds 16 seconds 

Model Acc. F1 Acc. F1 Acc. F1 Acc. F1 

PPGResNet_1 (3) 75.1 69.73 81.53 77.29 78.10 74.36 76.89 70.03 

PPGResNet_3 (3) 85.50 83.54 89.87 88.83 92.42 90.89 84.45 83.07 

PPGResNet_5 (3) 85.61 82.65 91.02 89.49 91.87 90.59 88.52 86.49 

 

Table 2. Comparison of overlap ratios in the AffectiveROAD Dataset with a fixed 8s window length 

 50% overlap 75% overlap 87.5% overlap 

Model Acc. F1 Acc. F1 Acc. F1 

PPGResNet_1 (3) 59.22 54.48 81.53 77.29 81.10 83.71 

PPGResNet_3 (3) 71.30 60.93 89.87 88.83 97.93 97.64 

PPGResNet_5 (3) 73.60 67.53 91.02 89.49 97.73 97.44 
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5.1 Variations of the MBRB 

Following the initial experiments, we identified 

PPGResNet_3 as the most effective configuration. It 

consistently outperformed the single-block model and 

achieved performance comparable to the deeper five-

block variant, making it a favorable balance between 

complexity and accuracy. In the next phase of 

evaluation, we investigated architectural variations of 

this three-block model by modifying the internal 

structure of the residual blocks. These variations, 

described previously in Section 3, involved multi-branch 

designs with various filter size combinations: 1-3-5,  

3-5-7, and 3-5. 

Our primary evaluation was conducted using  

8-second windows with an 87.5% overlap, which had 

previously yielded the best results. We also evaluated the 

same architectures with a reduced 75% overlap, as it 

reveals more pronounced differences in the results. Both 

the AffectiveROAD and WESAD datasets were used in 

this analysis, and the corresponding results are presented 

in Table 3. 

We observe that adding more branches to the model 

generally enables it to learn more meaningful and 

diverse features. When comparing the (3-5-7) and  

(1-3-5) architectures, we find that smaller kernel sizes 

tend to yield better results. This can likely be attributed 

to the fact that the input vector has already been 

downsampled by the initial layers, allowing the smaller 

kernels in subsequent layers to capture finer, more 

detailed features in the data. These finer details seem to 

be more critical for achieving higher performance in this 

task. 

When we remove the 1×1 convolutional branch from 

the (1-3-5) architecture, resulting in the (3-5) confi-

guration, there is a noticeable drop in accuracy. This 

implies that, although these 1×1 convolutions are con-

ceptually simple – performing pointwise multiplications 

– they play a crucial role in enhancing feature extraction 

by enabling the model to learn more complex combi-

nations of features across different channels.  

Furthermore, adding a bottleneck layer does not 

significantly reduce the model’s accuracy, but it does 

help in reducing model complexity. By compressing the 

feature space and forcing the model to focus on the most 

important features, the bottleneck layer reduces the 

number of parameters, leading to a more efficient model 

without a major sacrifice in performance. As we will 

explore further, this reduction in complexity allows for 

faster training and inference, making the model more 

suitable for real-time or resource-constrained appli-

cations.  

 

 

Table 3. Comparison of model variations at different overlap ratio 

 AffectiveROAD dataset WESAD dataset 

 75% overlap 87.5% overlap 75% overlap 87.5% overlap 

Model Acc. F1 Acc. F1 Acc. F1 Acc. F1 

PPGResNet_3 (3) 89.87 88.32 97.93 97.64 96.25 95.68 99.35 99.26 

PPGResNet_3 (1-3-5) 93.47 92.57 98.33 98.10 97.59 97.27 99.66 99.60 

PPGResNet_3 (3-5-7) 91.34 89.96 89.06 97.77 97.44 97.06 99.55 99.49 

PPGResNet_3 (3-5) 92.48 91.43 98.24 98.01 97.05 96.66 99.59 99.53 

PPGResNet_3 (1-3-5 bottleneck) 9174 90.58 98.18 97.95 97.05 96.09 99.48 99.40 
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Table 4. Comparison with state-of-the-art models from the literature, using two public datasets 

Dataset Method Acc. (%) Signals 

AffectiveROAD 

dataset 

Random Forest [14] 70.40 PPG 

SVM-RBF [14] 83.00 EDA + PPG 

DNN [16] 87.95 PPG + ACC + EDA +  

TEMP + ECG + RESP 

PPGResNet_3 (1-3-5) 98.33 PPG 

WESAD 

dataset 

Self-supervised DNN [17] 87.13 PPG + ACC + EDA + TEMP 

Random Forest [15] 81.40 PPG 

Ensemble of DNNs [19] 89.94 PPG 

DNN [20] 93.64 ECG + EDA + EMG +  

RESP + TEMP 

PPGResNet_3 (1-3-5) 99.66 PPG 

 

5.2 Comparison with state-of-the-art results 

To evaluate the performance of our optimal model 

configuration, we compared it with several state-of-the-

art approaches from the literature, focusing primarily on 

classification accuracy. Table 4 summarizes the results 

of these comparisons, highlighting methods that either 

utilize deep neural networks (DNN) or rely solely on 

PPG signals. Figure 4 presents a visual comparison 

where the accuracies are compared, and different colors 

correspond to different number of input signals. It is 

evident that our proposed PPGResNet model con-

sistently outperforms other methods, even those that 

incorporate multiple physiological signals. 

 

Fig. 4. Comparison of the performance of our 

PPGResNet alongside state-of-the-art models. Diffe-

rent colors correspond to different number of input 

signal types. 

For the AffectiveROAD dataset, we see that simpler 

models like Random Forest, which uses only PPG 

signals, achieve a modest accuracy of 70.40%. This 

underscores the inherent difficulty of working with  

a single signal, where more advanced models and multi-

signal approaches are often necessary to capture the 

nuances of physiological data. In contrast, methods that 

combine multiple signals, such as SVM-RBG and DNN, 

show marked improvements in accuracy. While these 

methods benefit from the extra data provided by multiple 

signals, they also come with their own set of challenges, 

including the need for specialized sensors and more 

complex data processing pipelines. In comparison, our 

PPGResNet_3 (1-3-5) model, which uses only PPG 

signals, achieves an outstanding 98.33% accuracy. This 

demonstrates the power of our deep learning architecture 

to extract meaningful features from a single signal, 

making it a highly efficient and practical solution for 

stress detection tasks. 

Similarly, on the WESAD dataset, the Self-

supervised DNN method, which relies on PPG, ACC, 

EDA, and TEMP signals, achieves 87.13% accuracy. 

Again, incorporating additional signals leads to 

improved performance, but at the cost of increased 

complexity and sensor requirements. On the other hand, 

our model PPGResNet_3 (1-3-5), which uses only PPG 

signals, outperforms all other methods, reaching 99.66% 

accuracy.  

The results from both datasets highlight a crucial 

observation: while multi-signal methods can improve 

accuracy, they come with trade-offs. Larger input 

vectors, necessitated by the use of more signals, can lead 

to slower processing times and higher computational 

demands. Moreover, using multiple sensors increases 

the complexity of system setup, data collection, and 

sensor integration. In contrast, our PPGResNet model, 
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which relies solely on PPG data, strikes an optimal 

balance between high accuracy and low complexity.  

It demonstrates that, with the right architecture, a single 

signal can be leveraged effectively to achieve perfor-

mance on par with (or even superior to, multi-signal 

approaches. 

 

5.3 Complexity analysis 

While multi-branch models typically outperform 

single-branch architectures in terms of accuracy, this 

improvement often comes with increased computational 

complexity and resource demands. Table 5 provides  

a detailed comparison of various PPGResNet model 

variants, highlighting the trade-offs between perfor-

mance and efficiency. Specifically, it compares the 

number of parameters, memory usage, and latency for 

each model variant against the baseline single-branch 

model, PPGResNet_3 (3). 

The baseline model, with a single convolutional 

branch using a kernel size of 3, contains 101,827 

parameters, requires 397.76 KB of memory, and 

achieves an inference latency of 0.105 milliseconds. 

Multi-branch models, such as PPGResNet_3 (1-3-5) and 

PPGResNet_3 (3-5-7), show increased resource 

consumption – up to nearly four times the memory and 

twice the latency compared to the baseline – due to the 

added complexity of handling multiple receptive fields 

simultaneously. However, the introduction of a bottle-

neck architecture in the PPGResNet_3 (1-3-5 bottle-

neck) variant presents a more efficient alternative. 

Despite using a multi-branch design, this model has only 

86,275 parameters – the lowest among all the variants – 

and requires just 337.01 KB of memory, even less than 

the baseline. While its latency is slightly higher than that 

of the single-branch model, it remains minimal and well 

within practical limits. 

It is also important to note that due to the 87.5% 

overlap used in the 8-second input windows, the system 

generates a new window and thus a new prediction every 

second. In this context, even the highest observed 

latency of 0.212 ms is negligible, amounting to less than 

0.03% of the 1-second windowing interval. Therefore, 

while resource efficiency remains a design consi-

deration, all model variants demonstrate real-time 

capabilities.

 

Table 5. Resource comparison of PPGResNet variations in terms of parameter count, memory, and latency 

Model # Parameters Memory  

(KB) 

Latency  

(ms) 

Memory  

- relative 

Latency 

- relative 

PPGResNet_3 (3) 101,827 397.76 0.105 1.00 1.00 

PPGResNet_3 (1-3-5) 253,123 988.76 0.180 2.49 1.71 

PPGResNet_3 (3-5-7) 400,579 1566.72 0.212 3.94 2.01 

PPGResNet_3 (3-5) 226,627 885.26 0.161 2.23 1.53 

PPGResNet_3 (1-3-5 bottleneck) 86,275 337.01 0.136 0.85 1.29 

 

6 Conclusion 

This work introduced a modular, end-to-end deep-

learning architecture PPGResNet for driver-stress 

detection that relies exclusively on photoplethy-

smography signals. The network is built from stacked 

multi-branch residual blocks, enabling simultaneous 

extraction of global and local temporal patterns without 

excessive depth or parameter count. An extensive 

experimental evaluation was conducted to determine the 

optimal global network architecture, serving as the 

backbone for establishing the optimal residual block’s 

structure. Experimental results indicate that the pro-

posed model achieved excellent performance, attaining 

accuracy exceeding 98% on two publicly available 

datasets. By demonstrating that a single-sensor 

 

PPG-based approach can achieve near-perfect accuracy, 

this work underscores the viability of lightweight, 

privacy-preserving stress-monitoring solutions for next-

generation in-vehicle safety and comfort applications. 

Although the study was restricted to PPG signals, the 

modular design is readily extensible to additional 

physiological modalities (e.g., ECG, EDA). Future 

research will: (i) compress and quantise the model for 

deployment on resource-constrained edge devices, (ii) 

construct a larger cross-sensor benchmark to evaluate 

generalisability across devices and driving conditions, 

and (iii) incorporate explainability techniques to 

enhance user trust and support real-world adoption in 

intelligent transportation systems. 
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