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Abstract - Over the last ten years, telemedicine has undergone significant developments, from simple communication-based 

healthcare to smart and data-driven solutions. The solutions are now powered by Artificial Intelligence (AI), Machine Learning 

(ML), and Internet of Medical Things (IoMT) technologies. Physiological monitoring is traditionally done with contact-based 

sensors. The sensors include Electrocardiogram (ECG) and pulse oximeters. The sensors have various disadvantages, including 

hardware costs, difficulty in continuous usage, and discomfort for patients. Photoplethysmography (rPPG), a remote method of 

physiological monitoring, is a breakthrough technology. The method is used to estimate physiological signals, including Heart Rate 

(HR), from video streams captured by standard RGB cameras. The paper aims to explore spatial-temporal deep learning 

frameworks for remote rPPG as part of a standard five-layer telemedicine architecture. We explain a general ML pipeline, along 

with the benefits of decomposing the spatial and temporal features of images and motion to improve signal extraction against 

environmental noise. Besides, the paper presents some of the deployment issues, which include motion effects, lighting, as well as 

bias in the algorithms, specifically with respect to melanin absorption in human skin. The research also presents some of the avenues 

of future research, specifically with respect to model compression, which will help move from a cloud to an edge device, thus 

helping to improve the privacy of users. 
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1. INTRODUCTION  

Throughout the world, the health care industry is in the midst of a massive transformation. This is because the 

population is aging, and more people than ever have chronic health problems, not to mention a shortage of health care 

professionals. Continuing to offer telehealth as a primary source of medical care has increased greatly because of the 

COVID-19 pandemic. 

Telemedicine systems were originally designed to offer patients occasional remote consultations using video 

conferencing. However, these systems have now evolved to intelligent systems where the system collects information, 

automatically diagnoses the patient, and even conducts risk stratification. Recent studies have revealed that AI is 

expanding to reach the domain of comprehensive healthcare, for example, using AI to automate the diagnosis of 

tuberculosis from a chest X-ray [1] and using AI to predict mental wellbeing by deliberately modifying thought 

patterns [2]. This is because the basis on which these systems are built is referred to as IoMT. IoMT stands for the 

Internet of Medical Things. The conventional meaning of IoMT refers to wearable sensors, which only come into 

contact with the body in order to generate data, though they are very accurate. In addition, wearable sensors have 

limitations for large-scale use, including high distribution costs, battery characteristics, skin irritability (for 

consumers), and low patient compliance, especially for senior patients. 

In order to provide users with more widespread access to Heart Rate (HR) measurements without limitations imposed 

by these devices using traditional methods, the development of Remote Photoplethysmography (rPPG) was made 

possible with the use of computer vision technology and deep learning.  rPPG allows for continuous measurement of 

the amount of blood being pumped through our bodies by measuring changes in the colour of human skin when blood 

enters or leaves.  rPPG does this from images taken from colour standard RGB cameras; this permits the use of readily 

available consumer electronics (e.g., laptops, mobile devices) to provide contactless HR monitoring to the average 

user [3],[4]. 

Despite the large potential of using rPPG in telemedicine applications, there are still many challenges to be overcome 

in order to deploy it in real-world telemedicine environments. The cardiac signal is weak and can be easily 

overwhelmed by visual noise: 

1. Motion artifacts: Head movement and facial expressions result in large pixel intensity changes compared to the 

small changes caused by blood flow. 
2. Lighting conditions: Flickering light, shadows, and changes in lighting colour temperature may degrade the signal 

quality. 
3. Melanin is the main contributor to human skin pigmentation. It has strong light-absorbing capabilities. 

Consequently, it is much more difficult to obtain accurate remote rPPG from people with darker skin tones. In order 

to overcome these problems, this paper provides a comprehensive study of a real-world intelligent web-based 

telemedicine system using a deep learning spatial-temporal framework. 

 

2. LITERATURE REVIEW  

2.1 The Physics of Photoplethysmography (PPG) 

The principle behind remote rPPG can be described as mainly based on the characteristics of human tissue and blood 

[5]. When natural light falls on human tissue, part of it reflects back to the surface, while another part penetrates into 

the epidermis and dermis layers. In human tissue, different chromophore components absorb different parts of light. 

These components include melanin, lipids, and particularly haemoglobin in human blood vessels. During the cardiac 

cycle, systolic and diastolic phases create different pulse changes in human arteries in the microvascular system. These 

pulse changes create changes in the absorption and reflected light to the sensor. By continuously monitoring these 

pulse-induced colour changes in human tissue, a waveform can be reconstructed to show the cardiac cycle in a reliable 

manner. This waveform is called PPG signal [6]. 
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2.2. Evolution of rPPG Algorithms  

The development process of rPPG methods can be divided into two stages in principle: traditional methods based on 

traditional signal processing techniques and more recent data-driven methods. In early studies, it was demonstrated 

that heart pulses can be retrieved by averaging the green channel in a facial Region of Interest (ROI), because the 

absorption capacity of oxygenated haemoglobin is the highest in the green band [7]. In addition, some improvements 

in this area have attempted to decompose the signal from noise, which is often caused by changes in illumination and 

motion, by means of Blind Source Separation (BSS) techniques, e.g., Independent Component Analysis (ICA) [8] and 

Principal Component Analysis (PCA). To address this problem of motion noise even more effectively, mathematical 

models of reflection from the skin were proposed, giving birth to chrominance-based solutions such as CHROM [9] 

and the Plane Orthogonal to Skin (POS) algorithm [5]. Though these solutions are computationally light, they may 

not guarantee the quality of the signal under heavy head movement and changes in lighting. This is the reason for the 

recent trend toward deep learning solutions. Current solutions learn robust spatio-temporal features from raw video 

frames using 3D Convolutional Neural Networks (3D-CNN) [10] and Vision Transformers (ViT) [11]. 

 

2.3. Spatial-Temporal Deep Learning Approaches 

However, the main challenge in this area has been finding a delicate balance between computational efficiency and 

predictive accuracy. To overcome this, recent deep learning architectures have moved in the direction of joint spatial 

and temporal learning [12]. The basic philosophy behind this is quite simple and intuitive as well. Physiological 

signals, such as blood volume, and environmental noise, such as rigid head motions, have completely different spatial 

and temporal behaviours. Hence, recent architectures have moved in the direction of completely separating the 

learning of spatial appearance and temporal motion of the face, which has helped in effectively filtering out the weak 

rPPG signal and noise caused by head motions. The work presented in this manuscript is a direct extension of the 

spatial-temporal learning paradigm. Inspired by recent advances in the area of physiological signal extraction [13], we 

propose a framework that is practical and useful for telemedicine applications. Instead of relying on complex 3D 

convolutional layers, we propose the use of spatial attention mechanisms and temporal modulation blocks, which 

greatly enhance the features learned by the model and at the same time retain the efficiency of the model for seamless 

web and mobile applications. 

 

3. RESEARCH METHODOLOGY 

3.1 Model Architecture 

Figure 1 illustrates the high-level architecture of an intelligent telemedicine system for rPPG signal extraction. The 

proposed deep learning framework replaces traditional heuristic feature engineering with an end-to-end learning 

strategy for rPPG signal extraction. Specifically, the framework adopts a dual-stream architecture that separates spatial 

appearance information from temporal motion dynamics into two interacting pathways. 

Typically, a Spatial Stream processes a static Mean Frame using a series of 2D Convolutional Neural Network (CNN) 

blocks. Its main purpose is to learn the spatial topography of the face and create an attention mask denoted as 𝑀𝑠𝑝𝑎. 

The mask will have higher probability values for areas with high vascularization, i.e., the forehead and cheeks. At the 

same time, it will have near-zero weights for areas without pulsatile flow, i.e., eyes, hair, and background. 

At the same time, a Temporal Stream will process the changing Difference Frames. Nevertheless, with the aim of 

reducing the computational cost of the 3D convolution, the most recent frameworks have made use of efficient 

techniques for modelling the temporal dependencies, including the Temporal Shifting Mechanism (TSM) as well as 

the channel-wise modulation block. The idea behind the shifting mechanism is that it shifts a fraction of the feature 

channels over the t dimension. This implies that a fraction of the channels will be shifted to 𝑡 − 1, while the remaining 

fraction will be shifted to 𝑡 + 1. This allows regular 2D convolutional layers to have a 3D spatiotemporal receptive 

field at little or no extra parameter cost. Finally, it has to be noted that all models that belong to this paradigm have 

employed a late fusion technique. This technique combines Attention Masks for spatial domain, i.e., 𝑀𝑠𝑝𝑎, with 

features for temporal domain, i.e., 𝐹𝑡𝑒𝑚𝑝, using the Hadamard product, i.e., 𝐹𝑓𝑢𝑠𝑒𝑑 = 𝐹𝑡𝑒𝑚𝑝 ⊗𝑀𝑠𝑝𝑎. This 

mathematical technique ensures that only pulse signals are extracted by the network from valid skin pixels, effectively 

removing any possible noise that could be introduced by background images and movements. 
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Figure 1. High-Level Architecture of an Intelligent Telemedicine System 

 

In order to ensure that the intelligent rPPG system works effectively in a heterogeneous clinical setting, it must be 

designed in such a way that it scales well and has a modular design. This way, it can effectively deal with the constant 

flow of videos and complex deep learning-based tasks without any lag or delay in the results. The framework can 

easily fit in the traditional five-layer telemedicine architecture. 

 

3.2 IoMT Devices Layer 

In contrast, in conventional telemedicine infrastructures, special medical equipment, e.g., pulse oximeters and Holter 

monitors, have to be transported to the patient. In the proposed system, we have successfully implemented the concept 

of hardware democratization. In this regard, the main 'sensors' employed in the system are the conventional RGB 

webcams integrated in the personal computers, tablets, or mobile phones of the patients. By employing conventional 

consumer electronics as the primary IoMT nodes [14], we have eliminated the logistics costs, as well as the costs of 

the medical equipment, and significantly reduced the barrier to entry in the system. The approach is highly favourable, 

especially in the case of the elderly and those living in rural areas, as it is not possible to deploy high-class medical 

wearables in those regions. 

 

3.3  Data Acquisition & Integration Layer 

This layer handles the acquisition of data and enables its transmission. The User Interface is based on React and Vite, 

which gives it a highly responsive single-page application look and feel. This application has the functionality to 

operate in two modes to cater to various clinical scenarios. It can handle asynchronous video uploads for offline 

analysis and webcam streaming for real-time analysis. 

To process the video frames in real-time, the frames are sent to the server through WebSockets. The data sent to the 

server is dynamically buffered to optimize the queries made to the server, which are used to process the video. The 

video processing routines are implemented with precise intervals. The intervals are fixed at 128 frames. At a standard 

video frame rate of 30 frames per second, the video duration of 4.27 seconds is sufficient to cover a complete cardiac 

cycle, which occurs 4 to 7 times in adults at rest. 
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3.4 Preprocessing Layer  

The preprocessing layer is the most important purification component. In the raw video frames, a huge amount of 

irrelevant data is present, along with varying illumination pixels, which can easily dominate the cardiovascular signal. 

To obtain a clean physiological signal, a very strict preprocessing is applied. First, the highly optimized real-time face 

detection is performed using the MediaPipe library. Once the face is detected, the particular ROI of the face, which is 

usually focused on the highly vascularized regions such as the forehead and cheeks, is very strictly cropped to a 

standard size of 36x36 pixels, along with a numerical normalization in the range of [0, 1]. This minimizes the 

computation by reducing the data dimensionality to a greater extent. 

Figure 2 shows visualization of the 36x36 ROI preprocessing pipeline. As can be observed from the low spatial 

resolution, the downsampling effectively preserves the macroscopic spatial topography of the face (Mean Frame) as 

well as the important pulsatile information (Difference) while acting as a natural filter against high-frequency 

environmental noise. 

 

Figure 2. Visualization of the 36x36 ROI Preprocessing Pipeline 

After conducting the sensitivity analysis on the input parameters, we eventually chose the 36x36 resolution. As 

visually represented in Figure 2, the 36x36 resolution effectively retains the macro spatial morphology of the face 

(Mean Frame). More pertinent is the fact that the 36x36 resolution retains the subtle dynamic colour changes required 

for effective pulse extraction (Difference). Increasing the resolution to 72x72 pixels or 128x128 pixels will lead to 

quadratic growth in the input pixel count. This, in turn, will result in an enormous growth in computational overhead 

(FLOPs), effectively acting as a bottleneck for real-time processing required for web deployment. 

Similarly, the rationale behind choosing the 128-frame time window is based on physiological requirements and is 

not arbitrary. On the basis of a normal capture rate of 30 FPS, the time window of 128 frames equates to a period of 

4.27 seconds. A normal resting HR for a human is between 60 and 100 Beats Per Minute (BPM), which equates to a 

frequency of 1 to 1.66 Hz. Therefore, this time window is adequate to capture 4 to 7 cycles of the HR. It is established 
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that this time window is adequate to capture periodicity in the signal such that the Fast Fourier Transform (FFT) is 

able to pick up the frequency peak. It is also established that if the time window is shorter than this, it is not sufficient 

to capture the required number of complete cycles to obtain accurate frequency, which is not possible. Furthermore, 

if the time window is longer, say 256 frames, it is equivalent to a delay time of nearly 9 seconds, which is not desirable. 

The significant innovation under this category is the method adopted for the data bifurcation process, which is specific 

to the Two-Stream network. Rather than passing the raw sequence of frames to the network, the data bifurcation 

process specifically separates the static features from the dynamic features. First, the Mean Frame is computed by 

averaging all the pixel values of the entire sequence of frames. Further, the image acts as a filter that eliminates the 

dynamic features of movement while retaining the static features such as the skin tone, lighting patterns, and topology 

of the face. A set of Difference Frames are computed by subtracting each frame from the preceding one. This process 

of temporal differencing eliminates the static features of the background and the topology of the face while retaining 

the dynamic features arising out of the movement of the head and the colour changes of the BVP. Also, we built an 

active UI feedback loop to assess the quality of the input data. An oval shape alignment guide is rendered on the front 

end to ensure user compliance by maintaining the face at a stationary position and sufficiently illuminated at the 

optimum zone. 

 

3.5 Edge/ Cloud Machine Learning (ML) Layer 

The complete end-to-end workflow of the proposed spatial-temporal deep learning pipeline is illustrated in Figure 3. 

 

Figure 3. Proposed Spatial-Temporal Deep Learning Pipeline 
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After the data preprocessing step was performed, we applied a deep learning framework as the core predictive tool. 

We use this architecture because it is consistent with the branched nature of our pre-processed data. Moreover, this 

architecture optimizes the computational resources much better than the use of the traditional 3D CNN networks. In 

the Spatial Stream of the architecture, convolutional layers and the attention mechanism are applied to the 'Average 

Frame', from which the spatial masks are generated. These are actually a guide for the model to pay attention to the 

areas of the skin where the heartbeat signals are present. Meanwhile, the 'Difference Frames' will be inputted into the 

'Temporal Stream' of the architecture. In the 'Temporal Stream,' the 'Difference Frames' will undergo the 'Temporal 

Shift Modules' and the 'Temporal Modulation Blocks'. It is possible for the network to clearly differentiate the changes 

in the skin pigmentation due to blood circulation and the actual movement of the head through the spatial masks. 

However, this raw output signal is usually plagued with high-frequency noise due to the effects of camera quantization 

error and micro-expressions. In order to obtain a medical-grade signal that will be used to compute HRs, we apply a 

post-processing technique in signal processing is employed. First, the 1D signal is filtered using a Butterworth band-

pass filter. This type of filter is defined by a range that is tightly constrained to range from 0.7 Hz to 3.5 Hz. This 

range is physiologically valid because it represents a range that includes the extreme limits of human HRs, which 

range from 42 to 210 BPM. After that, the signal is labelled to FFT processing. The FFT changes the nature of the 

signal to its frequency domain. In this case, the frequency component is obtained. This is the maximum component 

and is called the "dominant peak". This frequency is then multiplied by 60 to obtain the absolute HRs. 

 

3.6 EHR & Clinician Dashboard Layer 

Lastly, the computed metrics are automatically spreaded back to the React frontend, which functions as an interactive 

Clinical Decision Support System (CDSS) interface. This interface will be able to provide real-time physiological 

awareness in that it will show a numeric display of the estimated BPM in real-time, as well as a live plot of the expected 

PPG waveform. This is done in the form of a moving plot to give an understanding of the quality of the heartbeat. 

The system also gives data in its raw form that is later converted into medical background. This is done by a process 

called risk stratification. The process is done by using a logic engine that always compares the computed BPM to 

medical criteria. The logic engine gives a classification of the status of the patient’s heart health into a tier. The tier 

can be Normal status with HRs ranging from 60 to 100 BPM, an Elevated status with HRs higher than 100 BPM, and 

a Low status with HRs lower than 60 BPM. The visualization of the patient’s status is an important part in the decision 

support in telehealth management. 

 

3.7 Data Collection and Ground Truth Synchronization 

For testing and training process, we have used the UBFC-RPPG (UBFC-2) dataset [15], which is a public dataset. 

This dataset has 42 different subjects. Each subject has two components. The first component is the face video without 

any compression, which has 30 frames per second. The second component is a .txt file that has the actual medical 

information of that subject. From this .txt file, we can obtain the actual Blood Volume Pulse (BVP) waveform and the 

actual HR value for each frame. When shooting videos for this dataset, each subject is connected to a pulse oximeter. 

This allows us to relate the subtle changes in colour that are detected on the face to the actual HR of that subject 

because this dataset is complete. In addition to the UBFC dataset [15], we also incorporated another dataset known as 

the PURE dataset [16] into our training and testing process. The data for this dataset was collected by researchers in 

a European lab environment. The dataset comprises 10 subjects aged between 18 and 35 years. The dataset comprises 

a total of 60 videos. Therefore, each of the subjects contributed around six video sequences. Just like the UBFC-RPPG 

dataset [15], the PURE dataset [16] also has accurate ground truth for the pulse waveforms and is recorded at 30 

frames per second.  

We also plan to test and train our model on other datasets, such as real-world clinical or telemedicine video data, to 

prove the applicability of our work. However, real-world video data of patients is very stringently regulated by laws 

regarding video data and cannot be publicly accessed for research purposes. Because of these stringencies for 

accessing data for our research, our current training and testing is limited to these two publicly accessible datasets. 

Moreover, to make this evaluation realistic, we have used a subject-independent 5-fold cross-validation technique. 

The total number of individuals is divided into five different groups. Our network is trained on four groups, and then 

we test our network on the remaining one. 
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One of the important engineering challenges in video data processing for physiological regression is to ensure absolute 

time alignment. The ground truth files contain raw BVP data and instantaneous HR data from a medical-grade pulse 

oximeter. The data ingestion pipeline processes video data by temporally segmenting the raw video sequences into 

distinct video clips. Each video clip contains T=128 frames. Based on the 30 FPS video recording rate, the video 

length is approximately 4.27 seconds. To allow the neural network to learn correct phase relationships, a video tensor 

with 128 frames is perfectly synchronized with exactly 128 data points in the ground truth BVP signal. Furthermore, 

to avoid the occurrence of severe I/O bottleneck effects in the epoch iteration process, all facial bounding boxes are 

pre-cropped in memory. 

 

3.8 Model Training and Loss Formulation  

Not like regular classification methods, rPPG analysis is basically a complex signal regression problem. The 

requirement is to accurately reconstruct both the amplitude and rhythm of the heart. Therefore, the research team chose 

the AdamW optimization algorithm along with a hybrid loss function. In particular, it uses a combination of MSE, 

which pushes the deviation in the amplitude to the lowest level, and Negative Pearson Correlation, which keeps the 

predicted wave in phase, close to the original signal structure. In a real clinical environment, it is vital to restore the 

morphology of the waves properly. Thanks to this, we can compute in-depth information, such as the Heart Rate 

Variability (HRV), which a noisy signal will surely ruin. 

The loss function is a key part of the training. We combine two distinct metrics to form a Hybrid Loss. The first 

component is the Mean Squared Error (MSE) as shown in Equation (1), which penalizes the absolute amplitude 

differences between the predicted PPG waveform (𝑦𝑝𝑟𝑒𝑑) and the ground truth BVP (𝑦𝑔𝑡): 

𝐿𝑀𝑆𝐸 =
1

𝑇
∑(𝑦𝑝𝑟𝑒𝑑(𝑡) − 𝑦𝑔𝑡(𝑡))

2
𝑇

𝑡=1

(1) 

While MSE is excellent for amplitude scaling, it is sensitive to baseline shifts and does not explicitly measure phase 

alignment. Therefore, the second component incorporates the Pearson Correlation Coefficient (𝑟) as shown in 

Equation (2), which evaluates the linear correlation and structural similarity between the waveforms, independent of 

scale: 

𝑟𝑟 =
∑ (

𝑇

𝑡=1
𝑦𝑝𝑟𝑒𝑑(𝑡) − 𝑦̄𝑝𝑟𝑒𝑑)(𝑦𝑔𝑡(𝑡) − 𝑦̄𝑔𝑡)

√∑ (
𝑇

𝑡=1
𝑦𝑝𝑟𝑒𝑑(𝑡) − 𝑦̄𝑝𝑟𝑒𝑑)

2√∑ (
𝑇

𝑡=1
𝑦𝑔𝑡(𝑡) − 𝑦̄𝑔𝑡)

2

(2) 

To optimize the network via gradient descent, we formulate the correlation as a minimization problem (Negative 

Pearson). The final Hybrid Loss (𝐿𝑡𝑜𝑡𝑎𝑙) is defined in Equation (3) as: 

𝐿𝑡𝑜𝑡𝑎𝑙 = 𝛼 ⋅ 𝐿𝑀𝑆𝐸 + 𝛽 ⋅ (1 − 𝑟) (3) 
where 𝛼 and 𝛽 are empirically determined balancing coefficients. By minimizing (𝑟), the network strongly prioritizes 

the correct periodic rhythm of the cardiac cycle, which is mandatory for downstream applications like HRV analysis. 

In order to train the model with the 36x36 ROI inputs, we chose the Adadelta optimization algorithm with an initial 

learning rate set to 0.05. In addition, in order to effectively control the training process, the StepLR scheduler is used 

to reduce the learning rate by a factor of 0.8 every 4 epochs. Furthermore, the training process is performed for 25 

epochs with the batch size set to 32. As far as the hybrid loss function is concerned, equal weights are assigned to the 

terms by setting the weights 𝛼 and 𝛽 to 1.0. In addition, the temporal window length is set to 𝑇 = 10, while the channel 

shift ratio is set to (𝜂/𝑇) = 0.25. Finally, the random seed is set to 20 in order to replicate the results. 

 

3.9 Clinical Evaluation Metrics  

In order to measure the effectiveness of the model, we decided to conduct a separate experiment on its chemical 

capabilities. Once we determined the value of the HR using a Faster Fourier Transform (FFT), we applied the 

following four indicators: 
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Mean Absolute Error (MAE): This is a measure of the clinical error margin. It is given in BPM. Let 𝑁 be the number 

of video clips processed, the MAE is calculated as shown in Equation (4): 

MAE =
1

𝑁
∑|HRpred

(i) − HRgt
(i)|

𝑁

𝑖=1

(4) 

Root Mean Squared Error (RMSE): This is a measure of the stability of the system, where a larger error is penalized 

more heavily. This is a good indicator because a low error rate shows that the system is stable even in the presence of 

sudden and extreme motion artifacts, which would normally cause a system to fail catastrophically, as defined in 

Equation (5): 

RMSE = √1

𝑁
∑ (HRpred

(i) − HRgt
(i))

2
𝑁
𝑖=1 (5) 

Mean Absolute Percentage Error (MAPE): Since the accuracy of a HR deviation is clinically more important at some 

baseline than others, a 5 BPM deviation is more important at a baseline rate of 60 BPM than at a baseline rate of 150 

BPM, the MAPE measures the system’s performance based on the actual HR, as shown in Equation (6): 

MAPE =
100%

𝑁
∑|

HRpred
(i) − HRgt

(i)

HRgt
(i)

|

𝑁

𝑖=1

(6) 

Pearson Correlation Coefficient (p): Apart from metrics based on errors, we also measure the similarity between the 

predicted and reference physiological signals by using the Pearson correlation coefficient. The Pearson correlation 

coefficient is a measure used to calculate the linear correlation between the predicted rPPG signal and reference PPG 

signal. The Pearson correlation coefficient P close to 1 signifies a strong positive correlation as shown in Equation 

(7): 

p =
∑ (PPGpre(t) − PPGpre)(PPGgt(t) − PPGgt)
𝑇
𝑡=1

√∑ (PPGpre(t) − PPGpre)
2
∑ (PPGgt(t) − PPGgt)

2
T
t=1

𝑇
𝑡=1

(7)
 

where 𝑃𝑃𝐺𝑔𝑡 and 𝑃𝑃𝐺𝑝𝑟𝑒 are the ground truth and the predicted rPPG and 𝑥̄ denotes the average operator. The 

spatially guided two-stream architecture always achieved highly competitive results in terms of both MAE and RMSE 

with our proposed phase-aware hybrid loss function. 

 

3.10  ML for Remote Patient Management  

While telemedicine today is limited to the diagnosis of a particular condition of a patient at a particular point of time, 

say, interpreting images of a patient through an X-ray to diagnose pneumonia, the term "Remote patient management" 

is a much broader term that handles the management of the physiological condition of a patient with the aim of 

personalized intervention, medication management, and timely detection of warning signs of a patient condition that 

might deteriorate suddenly. ML is a technology used for the management of the condition of a patient based on the 

large amount of data collected from patients, which has not been processed into useful information. 

Normally, data has been segmented with limited data available include possible patients' symptoms through a chatbot 

interface or a physical logbook of daily blood pressure measurements. This, of course, was likely a number of lines 

with patients' symptoms typed out through a chatbot system or a physical logbook of daily blood pressure 

measurements. Yet, it was not until the advent of the boom in smart wearable technology and IoMT that this problem 

has been solved with the ability to collect sequences of data. In order to use this tremendous source of data, researchers 

have managed to use models especially suited for processing time sequences, like Recurrent Neural Networks (RNN) 

or LSTM. Theoretically, these algorithms perform extremely well at the task of sketching the 'baseline biological 

rhythm' for each individual, thereby detecting any abnormal signs early. 

However, the use of physical hardware in monitoring has significant challenges in practical implementation. It is very 

impractical to ask elderly patients, for example, to wear smartwatches or attach body sensors for 24 hours a day. Most 

of these devices cause physical discomfort for the patient, which ultimately results in a decline in patient compliance 
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over a long period of time. The decline in patient compliance is known as sensor fatigue. Moreover, the deployment 

of medical wearables has significant limitations, such as the high cost of hardware devices and the need for battery 

maintenance. 

To conceptualize the disruptive impact of our proposed contactless technology within this ecosystem, we augment the 

traditional taxonomy of ML in telemedicine. Table 1 explicitly situates the Two-Stream rPPG approach alongside 

established data modalities. 

Table 1. Adding rPPG to Representative ML Techniques for Remote Diagnosis 

Data Modality ML Technique Diagnostic Application Role in Telemedicine Context 

Facial Video 

Sequences 

(rPPG) 

Two-Stream CNN with 

Spatial-Temporal attention 

and TSM. 

Contactless HR estimation, 

continuous vital sign tracking, 

arrhythmia detection. 

Replaces physical contact 

sensors (wearables). 

Facilitates highly accessible, 

continuous remote monitoring 

requiring only a ubiquitous 

webcam. Ideal for tele-

psychiatry, elderly care, and 

triage. 

Physiologic

al time-

series 

(Wearables) 

RNNs, LSTM models Early detection of clinical 

deterioration. 

Supports continuous remote 

diagnosis based on physical 

hardware distributed to 

patients. 

Medical Images 

(Dermatology, 

X-ray) 

CNNs Skin lesion classification, 

radiological screening, diabetic 

retinopathy detection. 

Enables automated image 

interpretation from 

episodic, patient-submitted 

static images, extending 

specialist diagnostic 

capabilities. 

 

4. RESULTS AND DISCUSSIONS  

4.1 Results 

Regarding the evaluation of the results obtained, we designed and implemented a system using a 2-stream network to 

determine HR estimates from user-provided input data. HR estimation was performed under natural conditions. The 

prediction accuracy of the network is calculated by evaluating the estimated HR with respect to the ground truth, 

which is medical-grade, using a 5-fold cross-validation protocol. 

To provide context for the performance comparison, we review recent advances in deep learning-based rPPG. In recent 

studies, several types of neural networks have been used in an attempt to improve smart monitoring devices used in 

clinical settings. Among those types, spatio-temporal [17] models and generative models, such as PulseGAN [18] 

have also been proposed to synthesize realistic pulse waveforms. Although wearable devices are commonly used today 

[19], camera-based PPG methods require solving many problems, specifically motion artifacts and skin tone 

variability issues [20]. In order to solve those problems, recent studies have introduced novel architectures such as 

transductive meta-learning [21], contrastive learning [22], and multi-scale networks [23]. 

Detailed comparison between the proposed model and other methods is shown in Table 2. As shown in the table, the 

suggested model has a highly competitive value in terms of MAE with a value of 0.75 bpm for UBFC-rPPG [15] and 

0.73 bpm for PURE [16] datasets, while the RMSE is equal to 2.10 bpm for UBFC-rPPG [15] and 1.71 bpm for PURE 

[16] datasets. It should be noted that we decided to exclude the Pearson correlation coefficient (p) and MAPE from 

this evaluation. The reason is that the method of calculating the Pearson coefficient in previous documents is quite 

inconsistent , like in some places it is calculated directly on the rPPG signal, in others it is calculated on the HR value, 

making direct comparison difficult. In addition, the MAPE index is also rarely fully reported in baseline studies. 
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Therefore, to ensure objectivity and consistency, we only focus on two main measures, which are MAE and RMSE. 

A deeper analysis of the figures in Table 2 will be presented right in the next section. 

Table 2. Comparison of the Accuracy for UBFC-rPPG [15] and PURE [16] Datasets 

Method UBFC-rPPG PURE 

 MAE RMSE MAE RMSE 

PulseGAN (2021) [18] 1.19 2.10   

Meta-rPPG (2020) [21] 5.97 7.42   

Gideon (2021) [22] 3.70 4.90 2.1 2.6 

AND-rPPG (2022) [24] 2.67 4.07   

STI (2022) [25] 3.88 6.23   

rPPG-FuseNet (2022) [26] 1.52 2.86   

MSSF (2022) [27] 0.74 1.87 1.121 2.419 

CPulse (2023) [28] 1.06 1.48 0.98 1.94 

REA (2023) [29] 0.58 0.94 1.23 2.01 

STSC + MHFF (2023) [30] 2.15 3.82   

CMRPPGFormer (2024) [31] 0.59 1.77 0.39 0.64 

ND-DeepRPPG (2024) [32] 0.31 0.98 0.18 0.41 

LGI-rPPG-Net (2024) [33] 1.51 2.91   

Ours 0.75 2.10 0.73 1.71 

(Note: Bold numbers represent the best performance and underlined, italic numbers represent the second best) 

These results illustrate that machine slearning-based rPPG systems can be successfully built into intelligent 

telemedicine platforms. The integration of spatial attention and TSMs improves robustness to natural head movements, 

enabling more accurate HR estimation. 

One of the major goals of this framework is to allow for the deployment of the system in a real-time environment over 

the web, avoiding the need for specific high-end hardware. In order to validate the claims made in this paper about 

the capabilities of the system in a real-time environment, the computational overhead of the system has been rigorously 

tested on a standard Central Processing Unit (CPU). An essential aspect of this testing is that it is done over the entire 

end-to-end processing of the system, from the first receipt of raw video frames to the final calculation of the HR. The 

experimental setup used the standardized temporal window of 128 frames. Using a standard capture rate of 30 

frames/s, this equates to a time window of 4.27 seconds.  

Table 3 shows The performance metrics of this end-to-end execution. As shown in Table 3, the deep learning model 

requires about 72.9 ms to process the entire 128-frame tensor. Most of the processing time is consumed by the pre-

processing activities such as face detection and the calculation of the difference frames. The overall latency for the 

process is 451.2 ms. This indicates a processing speed of approximately 283 FPS. The processing speed of 283 FPS 

is quite high compared to the average of 30 FPS of a normal webcam connected to the internet. This shows that the 

proposed architecture is very practical in use. Once the camera is able to capture the initial video window of 4.27 

seconds, the overall HR of the user is calculated by the web dashboard in less than 3 seconds. The overall memory 

consumption is also low for the proposed architecture, requiring approximately 337 MB of memory. 

Table 3. End-to-End System Performance Benchmark (CPU-only, T=128 frames) 

Metric Value 

Model Inference Time 72.9 ms 

Total Pipeline Latency 451.2 ms 

End-to-End Throughput ~283 FPS 

Average CPU Usage 69.8 % 

RAM Consumption 336.8 MB 

 

4.2 Clinical Prototype and User Interface Integration 

Besides quantitative evaluations, to bring the spatial-temporal rPPG model into practical application, we realized it is 

necessary to build a friendly and easy-to-operate user interface. Instead of just stopping at the level of running deep 

learning algorithms on a computer, we developed a web-based application acting as a CDSS. Currently, we chose this 
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approach because of its ability to run directly on normal web browsers without requiring the installation of additional 

specialized hardware. 

As shown in Figure 4(a), the homepage interface highlights the feature of contactless vital sign measurement. At the 

same time, the system structure is designed with the criterion of data privacy placed on top (Privacy-by-Design). 

Although the real-time face video stream needs to be transmitted securely (through encryption protocols) to the 

inference server for processing by the deep learning model, the system ensures the analysis process happens instantly 

on temporary memory (in-memory processing). The sensitive video frames of the patient will be discarded 

immediately after extracting the heartbeat signal, completely not being stored on any database (Figure 4(b)). This is 

how we do it to maximally protect user privacy during the remote diagnosis process. The summary of key 

functionalities include hardware-independent, privacy-focused, and high-speed spatial-temporal inference. 

 

 

Figure 4. System Overview and Core Features (a) Interface of the eb-based rPPG CDSS 

(b) Summary of Key Functionalities 

 

When measuring vital signs via camera, the biggest barrier is how to keep the user sitting in the correct posture, 

because just a twist or turn of the head will cause the Signal-to-Noise Ratio (SNR) to drop significantly. To overcome 

this problem right from the data collection stage, we have pre-designed a measurement scenario. Accordingly, the user 

is required to meet a few standard postures before the data is pushed into the predictive neural network (details are 

illustrated in Figure 5). 

 

Figure 5 Design of the Experimental Workflows and Interfaces 

Initially, the interface will require the user to choose the measurement duration with the following milestones: 30, 45, 

or 60 seconds (Figure 5a). The objective of this step in setting up is to ensure that the system is able to collect a certain 

number of heart cycles. This will ensure that the signal analysis in frequency domain occurs in a stable manner. The 

idea in this step is to ensure that the face alignment mechanism is actively integrated into the screen. For instance, a 

guide frame will be provided to assist in aligning the face in the required coordinates. The face will always be tracked 

in the process, while at the same time visual cues are provided to the user. Once the required distance and lighting are 

in place at optimal levels, the frame turns green instantly, and the progress bar begins to move (Figure 5b). This step 

serve as a physical filter for noise right from the outer ring of the circle. 
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When the measurement time ends, the results are immediately putted into the medical monitoring interface (Figure 

5c). The difference is that instead of only displaying predicted numbers, the system will redraw the entire continuous 

PPG waveform. Thanks to this, remote doctors can still visually observe the HR morphology of the patient. At the 

same time, according to the risk mentioned above in the previous section, the software would automatically use the 

measured value (for example, 71 BPM) to compare and determine the health status (for example, "Normal").  

In Figure 5, the design of the experimental workflows and interfaces includes a calibration setup for temporal window 

selection (a), a live recording interface that utilizes bounding ovals and real-time progress indicators to reduce motion 

noises (b), and a clinical dashboard showcasing the estimated HR, automated risk stratification, and the reconstructed 

PPG waveform (c). 

 

4.3 Ablation Study 

In order to assess the contribution of each of the components in the framework, we carried out an ablation study on 

the Temporal Stream of the proposed framework on the PURE dataset [16]. We tested three different variants of the 

Temporal Stream: (1) the original In-Place Temporal Shift Module (TSM), (2) the Residual TSM, and (3) the Residual 

TSM w/o Temporal Attention Module. The experiments were carried out for three different inference window sizes: 

W = 10s, 20s, 30s. The results are presented in Table 4. 

Table 4. Ablation Study of the Temporal Stream on the PURE Dataset [16] 

Method W = 10s W = 20s W = 30s 

 MAE ↓ RMSE ↓ MAE ↓ RMSE ↓ MAE ↓ RMSE ↓ p ↑ 

In-place TSM 0.937 2.489 0.738 1.789 0.915 1.706 0.677 

Residual TSM 0.820 2.283 0.772 1.867 0.887 1.691 0.674 

Residual TSM w/o TAM 0.997 3.569 0.858 2.088 1.025 2.099 0.667 

 

The data also clearly illustrates the importance of the Temporal Attention Module. In our experiments, when we took 

away the TAM, error rates shot up on all window sizes. For example, when W = 30s, MAE increased from 0.887 to 

1.025 BPM, and RMSE increased from 1.691 to 2.099 BPM. This proves that temporal attention is indeed a critical 

component because it will automatically assign more weights to frames where strong physiological signals exist and, 

at the same time, suppress frames where strong signals are corrupted by sudden head movements. 

Additionally, based on the comparison results of the two methods of shifting, a performance trade-off is also identified. 

Although the In-place TSM achieves a successful performance at a time window W = 20s, the Residual TSM achieves 

a better performance at time intervals W = 10s and W = 30s. The reason is in the Residual TSM, skip connections 

have been applied to prevent the loss of critical spatial information in the channel shifting procedure. Moreover, this 

study also successfully develops a telemedicine system that operates on the web, bridging the gap between deep 

learning theory and its practical application. 

 

4.4 Discussion 

In general, even though the web-based rPPG system has a lot of potential in a clinical environment, it is a completely 

different issue when we attempt to transfer it from a laboratory environment to real-world application. When we 

attempt to do that, we actually encounter a few challenges in terms of technology and ethics. The first problem of this 

study is still having to use a public dataset instead of having actual telehealth data. 

Furthermore, environmental noises are one of the fundamental challenges faced by all optical camera-based systems. 

Although the spatial-temporal architectures are successful in reducing noises during natural conversational 

movements, they are highly susceptible to extreme movements. Any sudden head rotations or rigorous physical 

activities can cause non-linear pixel distortions almost instantaneously. It is in these situations that it is extremely 

difficult for the network to distinguish the actual HR signal from the motion artifacts. Another trouble is lighting. For 

example, if a user sits in a dark room watching TV, the continuously flickering screen will create fake frequencies in 

the video. If these frequencies coincide exactly with the human HR band (from 0.7 to 3.5 Hz), it will make the system 

predict incorrectly. Not to mention, the improper sitting posture of the patient or the inconsistent quality of personal 
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camera devices also makes the model unstable. The collected data is both noisy and prone to generating false alarms, 

or worse, missing the disease. In this study, we did not control empirical experiments to measure performance under 

specific motion and lighting conditions. In this first stage of proof of concept, the main focus is on the design of the 

system architecture and proving the basic feasibility of the architecture on a benchmark. A detailed evaluation of the 

environmental noise variables is not within the baseline. As future work, it is planned to develop particular data sets 

with controlled variables to evaluate the performance with particular lighting conditions and movement speeds. 

Regarding the ethical aspect, there is a problem in the training process of the rPPG predictive model, which is the 

fairness of the algorithm regarding skin colour. The nature of rPPG is measuring light penetrating the skin and then 

bouncing back from the blood vessels. The problem lies in the fact that dark-skinned people (Fitzpatrick skin types 

IV-VI) have a lot of Melanin which absorbs almost all visible light. In this research, we have the limitations of our 

training and validation data in terms of ethnic diversity. Our system is currently trained and tested using only two data 

sets: UBFC-RPPG [15] and PURE [16]. A visual assessment of the 42 subjects in the data set provided by UBFC-

RPPG [15] showed a lack of diversity in terms of skin tones, as all subjects were predominantly lighter in skin tone 

(Caucasian). The PURE dataset [16] had around 10 subjects in a European laboratory setting and lacked subjects with 

darker skin tones. Since there is a lack of quantitative data in these data sets in terms of skin tones across the range of 

the Fitzpatrick skin type scale (IV-VI), we were not able to subgroup these data and quantify the bias in skin tones. 

As a result, we were able to identify a lack of diversity in these data as a systemic problem in our research. The skin 

tone problem in our system in this research is a systemic problem that needs urgent solution in future research in rPPG 

by having more diverse physiological data. 

Therefore, the pulse signal obtained (SNR) from them is extremely weak. The majority of current deep learning models 

are entirely trained using data from light-skinned people. As a result, when taken to be tested on ethnic minority 

groups, the error rate skyrockets. In healthcare, being biased like this is very dangerous. If the system is used on a 

mass scale, and the machine makes biased risk diagnoses simply because of the patient's skin colour, what the 

consequences would be. Therefore, future rPPG studies are required to collect much more diverse data. At the same 

time, programmers must manually design additional specialized loss functions to force the model to be less biased; 

only then can medical technology truly be fair. 

Not just stopping at the issue of algorithmic bias, we also have to face other major barriers regarding privacy, security, 

and the explainability of the model. In the remote healthcare environment, data is scattered everywhere, so the risk of 

cyberattacks targeting IoMT devices, home Wi-Fi networks, or cloud systems is very high. And unless we are able to 

encrypt this data appropriately, it is not easy to convince patients to share their sensitive health data with us. 

From a system perspective, the current architecture is operating by pushing each video frame up to the cloud server 

(via FastAPI) for computation. This method truly exposes too many drawbacks: high latency, consuming bandwidth 

(especially in remote areas), and especially the risk of violating strict security standards like HIPAA or GDPR. 

Therefore, the direction we intend to deploy is building an app on mobile phones. To be able to run on phones without 

making the device hot or draining the battery quickly, we must compress the model size down. The solution is to 

replace the heavy CNN layers with a lighter network like MobileNetV3. After that, combining weight pruning 

techniques and Post-Training Quantization (PTQ) to compress the weights from 32-bit floating-point format down to 

8-bit integers. Finally, we intend to convert the model into TensorFlow Lite format to run offline locally. By doing 

this, we can both guarantee the issue of not leaking data onto the network and also ensure an extremely smooth real-

time response speed. In the long run, remote healthcare will also combine federated learning to train the model without 

needing to gather user data into one place or integrate digital twins. But no matter how far technology advances, it 

still requires doctors, engineers, and regulatory agencies to sit down together to establish common standards, ensuring 

AI serves patients in the safest and fairest way possible. 

 

4.5 Case Studies And Applications  

The process of transferring rPPG technology from the laboratory environment to practical application has proven great 

values in terms of both clinical and operational aspects. Specifically, through integrating the spatial-temporal deep 

learning network onto common web platforms, we can completely turn videos from standard cameras into a proactive 

diagnostic tool. Practical trials confirm that this solution helps enhance accuracy during diagnosis, improve patient 

compliance, and boost the response speed of the entire system. The practical impact of this technology is most clearly 

demonstrated through the three key medical areas below. 
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First is the field of telecardiology and chronic disease management. Cardiovascular Disease (CVD) to date remains 

the highest cause of death worldwide. Effectively controlling this group of diseases strictly requires continuous 

monitoring throughout a long period, instead of just relying on sparse periodic check-ups. However, the drawback of 

current ambulatory medical monitoring devices (such as Holter ECG monitors or blood pressure cuffs) is their 

bulkiness, more or less causing disruption to the daily life of the patient. Therefore, the web-based rPPG solution 

allows users to self-check their vital signs much more simply because they only need to sit in front of a phone or 

computer camera. At this time, the deep learning model will process the video data to outline a physiological baseline 

dedicated specifically to each individual. Thanks to that, with just a slight fluctuation such as an increased resting HR 

or an irregular interval between beats, doctors will immediately notice. Through automatically generated clinical 

reports, the system helps warn early of the risk of health deterioration. 

The second thing to mention is the field of mental health assessment and stress level measurement. This is an extremely 

huge advantage of rPPG but is often forgotten in remote healthcare platforms. Our psychological states, for example 

when being heavily stressed or clinically depressed, actually relate very closely to the Autonomic Nervous System 

(ANS). Fortunately, modern deep learning models already have the ability to restore the PPG waveform in a 

continuous and extremely robust manner. From this waveform, we can extract the HRV. Understood simply, HRV 

measures the physiological change in terms of time between consecutive beats, and it is considered by the medical 

community as an accurate non-invasive biomarker to assess the balance state of the ANS. This physiological parameter 

plays a role as a vital physiological marker in the monitoring of physiological stress through video consultation 

sessions. This brings very huge value, because it provides psychologists with objective physiological numbers to 

cross-reference with their behavioural observations, thereby offering treatment regimens sticking closer to actual data. 

Third is the story of elderly care and creating Ambient Assisted Living (AAL). Any doctor who has ever worked in 

an elderly care environment will understand, making patients comply with wearing long-term tracking devices is an 

extremely huge barrier. Elderly people, especially those with cognitive decline due to Alzheimer's disease or dementia, 

usually operate very poorly with smart wearable devices (wearables). Constantly having to remember to charge the 

battery every day, the interface being complicated, plus the cumbersome feeling on the body gradually generates a 

condition that the clinical community often calls "sensor fatigue". At this time, the contactless rPPG system embedded 

directly into smart home screens, televisions or tablets becomes a perfect alternative solution. Thanks to being well 

optimized, spatio-temporal neural networks have more than enough capacity to run smoothly on standard edge devices 

without causing any annoyance. The system will just need to monitor the high-risk group right while they are doing 

their normal activities such as eating or watching TV. This will not only help to detect dangerous cardiovascular events 

right away, but it will also maintain autonomy and comfort for the patient. 

 

5. CONCLUSION  

Remote health care is slowly moving away from passive examination and towards active and continuous monitoring. 

In this direction, our study was able to successfully develop a contactless HR measurement system directly in a web 

browser with its foundation in a Two-Stream Spatial-Temporal Architecture. The capability to independently extract 

spatial features and time transformations in facial video data allows the presented model of rPPG to use regular 

webcams to monitor vital signs with high reliability. The data collected in the experiments shows that this system is 

capable not only of extracting HR signals with high accuracy but also has the potential to act as a CDSS on its own. 

This opens doors to the potential benefits that can be seen in online cardiovascular examinations, mental health 

examinations, elderly health monitoring, and so on without the patient having to wear cumbersome devices. 

However, there are still some challenges for the way from the lab to the real-world environment of rPPG technology. 

The biggest challenges are the degradation of performance caused by environmental noise, model bias with different 

skin tones, and strict medical data privacy policies. In order to address these challenges, the research team has a strong 

belief that the best solution is to transform from cloud inference to Edge AI with the help of compression techniques. 

This not only ensures high performance but also solves the issue of personal data leakage comprehensively. Besides, 

for contactless technology to win more trust from users, transparency of the algorithm is essential. Therefore, 

Federated Learning or XAI will be the focus of our next research, targeting an intelligent, proactive, and patient-

centric medical ecosystem. 
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