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Abstract: Another recent non-contact method of heart rate estimation is Remote Photoplethysmography (rPPG), which is based on video analysis of the face. The presented paper describes a camera-based heart rate monitoring system that extracts a physiological signal from slight changes in skin color caused by blood flow. The suggested algorithm applies face detection and region of interest (ROI) to extract the useful parts in the faces, including the forehead and the cheeks. The algorithms, including CHROM and POS, use the color signals of the RGB channels to improve the pulsatile component and reduce the motion and brightness variation noise. Band-pass filtering is applied to the extracted signal further, which estimates heart rate with the use of Fast Fourier Transform (FFT). The experimental findings prove it to be accurate within a range of 9496 per cent with a Mean Absolute Error (MAE) of 34 BPM, when the conditions are controlled. This is a non-invasive system with low cost and can be applied in real-time, hence promising in telemedicine and remote health monitoring.
I. Introduction :
    The human body is supported by a very complicated and well-coordinated system of physiological systems, which constantly work to ensure the stability of the body and sustain life. These systems include the cardiovascular as well as respiratory systems, which have a central and indispensable role to play. The lungs and the heart are two parts that create a whole system of functions that help to transport oxygen, nutrients, hormones, and metabolic byproducts in the body. This facilitated movement makes sure that all the cells get a sufficient supply of oxygen, and at the same time, they help to dispose of carbon dioxide, which is a by-product of cellular metabolism. It is a dynamic interaction that keeps the homeostasis, maintains organ functioning, and adapts to different environmental and metabolic needs. Any slight disruption of such a coordinated process may have a profound impact on the balance of the system and well-being.
     The heart is a muscular, specialised organ that consists of four chambers that operate on a coordinated contraction process in pumping the blood effectively. It produces impulses that control the heartbeats and circulatory consistency through its rhythmic electrical conduction system. The right side of the heart pumps deoxygenated blood to the lungs to get oxygen, and the oxygenated blood is pumped into the systemic circulation by the left side. The two-circuit system allows steady and effective blood circulation in various physiological conditions like rest, exercise, emotional stress and sleep. The heart links up the rate and the amount of blood pumped out automatically with the needs of oxygen in the body, and this gives an amazing ability of self-regulation. Moreover, the blood flow to the heart is directly linked to the supply of oxygen and nutrients to the heart muscle itself, which emphasises the sensitivity of the vascular performance of the organ. The cardiac valve integrity, myocardial tissue integrity, and electrical pathways play a crucial role in maintaining optimal performance and preventing the compromise of circulation.
    In parallel with the cardiac system, the lungs are highly specialised respiratory organs that facilitate effective gas exchange. They have structural variations of millions of alveoli that offer a vast surface area of diffusion. When the individual inhales, oxygen-rich air is absorbed into the alveolar spaces, and then oxygen is diffused across the thin alveolar-capillary membrane into the bloodstream. In parallel with this, carbon dioxide (CO2) diffuses out of the blood into the alveoli to be exhaled during exhalation. It is aided by co-ordinated respiratory mechanics with the help of the diaphragm, intercostal muscles and expansion of the thoracic cavity. Sufficient ventilation-perfusion matching ensures that the blood flow and airflow are optimally synchronised to ensure efficient oxygen uptake. In addition to the exchange of gases, the lungs also play a role in immune protection by trapping and eliminating the airborne pathogens, balancing the blood pH when the amount of carbon dioxide in the blood is correct, and also in metabolic processes, like the activation of some circulating compounds. The respiratory rhythm is regulated by neural centres in the brainstem, and it automatically responds to the metabolic needs by increasing upon exertion and decreasing upon rest.
    The relationship between the lungs and the heart is essential in the maintenance of life. Cardiac output is directly affected by oxygenation of blood in the lungs, and the efficiency of the cardiac pumping process has to maintain adequate perfusion of tissues in the lungs. Disproportion in this relationship may cause impairment of the delivery of oxygen to the system. As an illustration, a low efficiency of the heart can cause poor circulation of the blood to the lungs, and poor functioning of the lungs can cause poor oxygen saturation, further burdening the heart. The sensitivity of this physiologic collaboration is the necessity of monitoring and identifying functional abnormalities in time. It is hence very important to maintain cardiopulmonary health as not only a life-preserving factor but also as a factor in cognitive preservation, physical stamina and quality of life.
    Heart and lung disorders are among the major causes of morbidity and mortality globally, despite improvements in the field of medical science. The display of cardiovascular abnormalities like coronary artery disease, arrhythmias, cardiomyopathy and heart failure faults the normal pumping mechanism and electrical stability of the heart. These conditions can manifest slowly, with most of them advancing without much notice before manifesting symptoms that are easy to notice, like chest pains, drowsiness, palpitations or breathlessness. On the same note, respiratory diseases such as asthma, chronic obstructive pulmonary conditions and pulmonary infections, as well as interstitial lung disorders, cause obstruction in air flow and exchange of gases. Such conditions are also predisposed by environmental pollution, sedentary lifestyles, smoking, stress, genetic predisposition and ageing. The late detection of physiological abnormalities is one of the greatest problems when having heart and lung disorders. The changes in heart rate, respiratory rate, or oxygen saturation can be subtle, and they cannot be detected until the functional ability is severely impaired. Consequently, late detection, complications, and high health care burden are prone to be caused by the lack of ongoing and available monitoring systems.
    Non-invasive and unobtrusive physiological monitoring techniques are emerging technological approaches that have been developed in recent years. One of these is remote photoplethysmography (rPPG), which has become a contactless optical technique used to estimate cardiovascular-related signals. This is a method that measures refined changes in the light that is reflected off the skin surface, to identify any changes in the amount of blood in the body during heartbeats. RPPG can be used to obtain pulse-related data without physical contact with the skin or wearable electrodes by using imaging sensors and signal processing algorithms to extract the pulse-related data. The non-invasive nature of it increases the comfort of the users, and it can be implemented in many environments flexibly. This method provides the prospect of uninterrupted evaluation compared to traditional methods of monitoring that depend on the physical connection system, which is less disruptive to the daily operations.
    To conclude, Remote Photoplethysmography is an important breakthrough in camera-based biomedical monitoring. As a result of utilising minor optical changes in facial skin using conventional imaging apparatus, rPPG permits continuous and non-invasive heart rate assessments. On the one hand, continuing to enhance the algorithmic stability, motion resilience, and computational efficiency, rPPG will be crucial in the future of remote and intelligent healthcare technologies.
.

II. LITERATURE SURVEY:
    Remote Photoplethysmography (rPPG) has been a highly popular non-contact method to measure heart rate through analysis of facial video. In contrast to the conventional methods that require physical contact to obtain the necessary information, rPPG takes advantage of the slight color changes in the skin during blood circulation, and this explains why it can be used to monitor the health of an individual without his or her knowledge. Several solutions have been suggested over the years to enhance the quality of the signal, its strength, and practicality in the real world.
   An adaptive skin segmentation method using a neural network model was presented in [1] that can greatly improve the process of rPPG signal extraction. The paper aimed at enhancing the quality of the extracted signal with the combination of convolutional layers and multiple architectures analysis. NasNetMobile, among them, showed the highest performance in terms of heart rate estimation, especially when the batch size was 1. Nevertheless, the degradation in performance due to an increase in batch sizes pointed to the necessity of additional optimisation of training configurations. The paper focuses on the need to use a combination of deep learning and adaptive preprocessing to gain better accuracy.
    In [2], the authors dealt with the issue of motion artefacts in rPPG, especially when one is performing physical activities. There was a new structure that was involved in tracking heart rate during activities like yoga. The system processed the head motion and removed the untrustworthy signal portions within short windows, which enhanced precision to a large extent. The technique was able to reduce the error to 2.29 bpm, and this indicated that motion-conscious filtering can significantly improve performance in real-life conditions.
    A facial video-based system of continuous pulse rate monitoring was suggested in [3]. The experiment employed SLIC super pixels in detecting the regions of interest (ROIs) in the image, which enabled the extraction of the skin regions to a greater degree. Also, an adaptive least mean square (LMS) filter was used to reduce the changes in illumination. The findings of the experiment on the MAHNOB-HCI dataset demonstrated the enhanced performance when using the combination of the new and the most recent methods, which proves the power of the combination of the sophisticated ROI selection and the adaptive filtering methods.
A heart rate monitoring system among drivers was proposed in [4] with an emphasis on the real-world driving scenarios. The experiment was grounded on the adaptive spectral filter banks, which are related to statistical signal processing and Monte Carlo simulations. This method compromises on rigidity and responsiveness to heart rate changes, even during noises like movement and changes in light. The system has been tested on a large driving dataset, and its accuracy is competitive, proving that rPPG is applicable in automotive safety systems.
In [5], a skin detector that is based on CNN was proposed as a way of enhancing the rPPG in free areas. As opposed to conventional methods, where one needs to take several steps that may involve face detection, tracking, and skin classification, the proposed method uses one step of skin detection with convolutional neural networks. This greatly enhances the robustness and simplifies the processing pipeline, and hence can be used in large-scale implementation using cheap cameras.
The rPPG, an AI-based system to monitor in-vehicle, was introduced in [6]. The paper has applied deep learning to identify heart rate in the facial videos and has presented a new infrared (IR) dataset to mirror the driving scenarios in the real world. The paper has emphasised the significance of diversity in datasets and is able to show how deep learning models can adjust to demanding conditions of varied lighting and motion.
A review of rPPG methods (both traditional signal processing techniques and current state-of-the-art deep learning techniques) was done in [7]. The paper has mentioned major developments, including Phys Ynet, RADIANT, and CleanPPG and pointed out that a strong ROI selection and motion artefact management are critical. It also pinpointed the key issues, such as limitations of the datasets and the absence of generalisation, and proposed avenues for developing more reliable and scalable factors in the future.
In [8], an organised use of illumination that employed the subsurface scattering was developed to enhance the quality of rPPG signals. This technique isolates the subsurface scattering effects and surface reflections and minimises the effects of motion artefact. The experimental performance indicated that the error of estimation of the heart rate could be minimised to approximately 5%, indicating a stronger signal performance under dynamic environments.
The review of rPPG methods of measuring heart rate and blood oxygenation was conducted in detail in [9]. The work presented the whole rPPG pipeline, which encompassed the choice of ROI, signal extraction, preprocessing, filtering and frequency analysis. It also gave an in-depth analysis of the current systems and the drawbacks of the current systems, including being sensitive to environmental conditions. The given work can be considered as a baseline of the entire rPPG workflow.
In [10], the authors examined the effect of low-light situations on rPPG performance. The research indicated that low lighting results in poor face recognition, low signal intensity, and amplified noise supremacy. To solve this, a low-light enhancement method was put forward in order to enhance the quality of signals and to preserve accuracy. The results emphasise the significance of the lighting conditions in real-life applications.
In [11], the adaptive ROI tracking with Segment Anything Model (SAM 2) was used to propose an end-to-end non-contact heart rate estimation system. The system is dynamic in capturing facial regions under different motion and lighting conditions and extracts rPPG signals with the help of the CHROM algorithm. Inter-beat intervals are used to calculate heart rate, and the method exhibited better performance over the available methods. Its main advantage is that it does not need any scenario training, which enhances general usability.
In [12], the importance of deep learning in non-contact heart rate monitoring was investigated. The paper emphasised the role of deep neural networks in acquiring challenging spatiotemporal aspects of video data to enhance their resilience to noise and environmental changes. It is demonstrated that deep learning methods are effective in demanding situations compared to traditional methods, but demand more data and computing resources.
   In general, the literature shows that rPPG has developed over the years, and today it has complex, deep learning-based systems compared to the crude signal processing methods. Simple color signal extraction was the technique of the early methods, and the new techniques involve motion compensation, adaptive ROI tracking, and neural networks that enhance the accuracy. Along with these developments, there are motion artifacts, variation in illumination, and limitations on data sets. The future studies are likely to be concerned with the hybrid techniques of combining signal processing and artificial intelligence to come up with robust and scalable non-contact heart rate monitoring systems.
.

III. METHODOLOGY :

The suggested system measures the heart rate through Remote Photoplethysmography (rPPG) by examining small changes in colour in a video of the face. This is a totally non-invasive method that does not require any physical contact, in contrast to some traditional methods of interaction; it uses computer vision and signal processing methods instead. The general pipeline comprises a video capture, face localisation, tracking, selection of region of interest (ROI), extraction of color signals, rPPG signal recovery, noise elimination and estimation of the heart rate. Both stages are aimed at enhancing the quality of the extracted physiological signal and guaranteeing the quality of the heart rate calculation.

The below figure 1- illustrates the workflow of the proposed system for non-contact heart rate estimation using rPPG. The process begins with video acquisition, followed by face detection and region of interest (ROI) selection. The RGB signals are extracted and processed using CHROM/POS algorithms, filtered within the physiological range, and analysed using FFT to compute the heart rate in BPM.
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     Fig 1: Flowchart of the proposed rPPG-based heart rate    

                                       monitoring system.
A. Video Acquisition:

The first step is the acquisition of a continuous stream of video of the face on a conventional RGB camera. To make sure that the temporal resolution is adequate to record periodic changes due to cardiac activity, a video is recorded at a frame rate of about 30 frames per second (fps) or more. Heart rate cues generally fall between 0.7 Hz and 4 Hz, so a higher frame rate guarantees proper expression of this frequency content.

The right environmental conditions are ensured to improve the quality of the signals. Homogeneous illumination will be desirable so that shadows and changes in intensity can be reduced, and because abrupt variations in illumination can add noise to the signals being extracted. The camera remains at a constant distance from the subject with a little movement of the head. Video acquisition quality is also a major factor, and both poor lighting and too much movement can greatly reduce the efficiency of the rPPG system.

B. Face Detection and Tracking:

After the video is recorded, a face is detected to recognise the facial area of each frame. It is implemented with the help of some classical Haar Cascade classifiers or the more complicated deep learning-based detectors like convolutional neural networks (CNNs). The techniques identify the parts of the face and produce bounding boxes of the face part.


The face tracking is performed after it has been detected to ensure that the tracking has preserved the spatial consistency of the detected image on consecutive frames. To provide the face region to be aligned even in situations where there are slight movements of the head, tracking algorithms like the Kanade-Lucas-Tomasi (KLT) tracker or correlation-based trackers can be employed. This step is necessary, as frame misalignment may add artefacts to the signal extracted and it decrease accuracy.

The selection of the Region of Interest (ROI).

Based on the identified region of the face, regions of interest (ROIs) are chosen on which the signal is to be extracted. The forehead and cheek regions are common ROI because vascular density is great and is rarely hindered by facial features like hair or a pair of eyes. These areas offer better and more stable pulsatile signals than others.

Skin segmentation methods are used to exclude non-skin regions to increase the accuracy. The chosen ROI is monitored frame to frame to compare the time. Other implementations apply multiple ROIs and average their signals in order to enhance strength. With a good ROI choice, the number of bits per pixel increases by a large margin and the effect of the background noise and motion artefacts is minimised.

D. Color Signal Extraction:

Once ROI is selected, the system reads the color data of each frame. The mean pixel intensity levels of the red (R), green (G), and blue (B) channels of the ROI are calculated on an individual frame basis. This generates three-time signals of changes in each color channel over time.


Of these channels, the green channel is the most informative in that it interacts strongly with haemoglobin absorption. The effect of this, though, is a lower robustness with different lighting conditions when only the green channel is used. Thus, to unite information from all three channels, the multi-channel analysis is conducted. The strategy enhances stability and enables the system to better accommodate changes in the environment.

E. rPPG Signal Processing Algorithms.


Advanced rPPG algorithms are used to extract the physiological signal from the raw RGB data. The CHROM (Chrominance-Based) algorithm is an algorithm used to work with normalised RGB signals and map them into a chrominance space. Such transformation isolates color properties and variation of intensity, thus minimising the contribution of movement and light change. The chrominance components are then used to extract the pulsatile signal.


The POS (Plane-Orthogonal-to-Skin) algorithm is another algorithm that enhances the quality of signals by mapping the normalised RGB signals on a plane that is perpendicular to the skin tone vector. This practically separates physiological differences in external perturbations like illumination. There is dynamic adaptation in the POS algorithm to changes in the skin color and lighting conditions, which yields a stronger algorithm in real-life situations.


The algorithms play a vital role in improving the weak pulsatile component in the raw signal and eliminating noise due to environmental factors.

F. Signal Preprocessing and Noise Reduction.


Motion, changes in lighting and camera constraints tend to contaminate the extracted rPPG signal with noise. Consequently, refinement of the signal is done by preprocessing.


First, normalisation is done in order to eliminate baseline drift due to slow changes in the illumination. This is to stabilise the signal on a mean value. This is followed by the use of a band-pass filter in the physiological heart rate of 0.7 Hz- 4 Hz, in this case, 42-240 beats per minute. This is a filtering process to eliminate high and low frequency noise that has no relation to cardiac activity.

    Additional noise cancelling is based on the smoothing, such as moving average filters. In other instances, the detrending techniques are used to remove low-frequency fluctuations of the signal. These preprocessing stages help a great deal in enhancing the clarity of the pulsatile waveform.

G. Heart Rate Estimation

After the clean rPPG signal has been received, the estimation of heart rate is conducted. The Fast Fourier Transform (FFT) is used to convert the signal in the time domain to the frequency domain. The resulting frequency spectrum will have peaks that are in relation to the various frequency components that are contained within the signal.

The prevailing peak in the physiological frequency range is known as the heart rate frequency. This can then be converted to beats per minute (BPM) by the formula:

Heart Rate (BPM) = f peak x 60
This technique offers stable and precise heart rate prediction in fixed time intervals. Instead, one can perform time-domain analysis through techniques like detection of peaks to determine inter-beat intervals that can be used to study heart rate variability.

H. System Result and Development.

The output of the system, which is ultimately determined, is the estimated heart rate in BPM. The system is capable of real-time video frame processing or can calculate heart rate at fixed time intervals to have enhanced stability. Its implementation is to be lightweight and efficient enough to be able to run on common computing equipment without specialised hardware.


The suggested methodology will make the system non-invasive, cost-effective, and scalable, which are appropriate to be used in telemedicine, remote patient monitoring, fitness tracking, and driver health monitoring systems.

IV. Results and discussions:
    The suggested Remote Photoplethysmography (rPPG)-based system was tested with respect to its accuracy in estimating the heart rate through facial video in a controlled indoor environment. Video samples were used to test the system, which was analysed regarding the accuracy, stability, and robustness
    The system was able to retrieve Blood Volume Pulse (BVP) signals in parts of the face, especially the forehead and cheeks. The pulsatile component was the greatest in the green channel, as it is sensitive to the absorption of haemoglobin. Multi-channel algorithms like CHROM and POS were also used to enhance the signal quality with the elimination of noise due to motion and changes in illumination.

    Following preprocessing and band-pass filtering (0.7 4 Hz), a distinct periodic waveform of the rPPG signal was found, which matched the heart activity. The Frequency-domain analysis based on Quick Fourier Transform (FFT) allowed recognising the most dominant frequency with a high level of accuracy, which was utilised to estimate the heart rate in beats per minute (BPM).

      The calculated heart rates were compared to the measurements of the pulse oximeter (reference measurements). Under steady conditions, the system was found to have an average accuracy of about 94 per cent at the most and a Mean Absolute Error (MAE) value of about 3 per cent per beat with a satisfactory agreement with ground truth values.

    The analysis of the performance in different conditions revealed that the system performs best in the case of limited movement and stable light. With the variation of movements and changes in illumination, the precision dropped to about 8590, as a result of noise and weakening of signals. The CHROM and POS algorithms, however, assisted in enhancing the robustness of the basic methods.

    There was also an effect on the selection of ROI; it gave more stable signals when the forehead region was used. Tracking of ROI appropriately was necessary to prevent distortion of signals. The system showed almost real-time performance, and therefore, it is applicable in practical cases like remote health monitoring.

    All in all, the findings indicate that the proposed system offers a non-invasive, low-cost system that can be useful in estimating heart rate, which can be trusted to work in controlled settings. Its strength in real-world situations can be increased further.
    There was also an effect on the selection of ROI; it gave more stable signals when the forehead region was used. Tracking of ROI appropriately was necessary to prevent distortion of signals. The system showed almost real-time performance, and therefore, it is applicable in practical cases like remote health monitoring.
    All in all, the findings indicate that the proposed system offers a non-invasive, low-cost system that can be useful in estimating heart rate, which can be trusted to work in controlled settings. Its strength in real-world situations can be increased further.
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        Table 1: Comparative performance analysis of rPPG  
         methods using accuracy, F1-score, and R² metrics.
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Table 2:  Impact of motion and illumination variations on the performance of rPPG-based heart rate estimation.
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Graph 1: Method vs Accuracy

Fig. 2. Comparison of accuracy across different rPPG methods.
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Graph 2: Motion vs Accuracy

Fig. 3. Impact of motion on the accuracy of rPPG-based heart rate estimation.
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Graph 3: Lighting vs Accuracy

Fig. 4. Effect of lighting conditions on the accuracy of rPPG-based heart rate estimation.

    According to Fig. 2, the comparison of various rPPG methods showed that traditional ones, including the Green channel and ICA, provide lower accuracy (around 88 to 90), whereas improved ones, including CHROM and POS, reach the accuracy of 92 to 94. Models based on deep learning, especially NasNetMobile, are the most accurate models with an accuracy of about 96%. Figure 3 shows the effect of motion, in which the system attains 96 per cent accuracy when it is at rest, which then drops to 92 per cent in the case of mild motion and 87 per cent in the case of heavy motion owing to motion artefacts. Likewise, Fig. 4 illustrates how the lighting conditions affect the system, and 96% accuracy is obtained in good lighting, then it decreases to 93 and 88 in normal indoor and low-light conditions, respectively. On the whole, the system ensures the average accuracy of 94-96 per cent, showing good performance in the controlled conditions.
                             VI. CONCLUSION:
         This paper introduced a non-contact heart rate monitoring system with the principle of Remote Photoplethysmography (rPPG), which is realised through scrutiny of facial video. The given solution was effective in proving the idea that it is possible to extract physiological signals based on small variations of skin colour using a regular RGB camera. The system was capable of estimating the heart rate with good accuracy by incorporating face detection, selection of the region of interest (ROI), multi-channel signal extraction, as well as strong algorithms like CHROM and POS.
    Experiments demonstrated that the system had an average accuracy of 94-96 per cent with a Mean Absolute Error (MAE) of about 3-4 BPM when working in controlled conditions. The external factors also included in the study were motion and illumination, and these had a minimal effect on the performance, which was within acceptable limits. The preprocessing and higher-level signal processing techniques enhanced the credibility of the extracted rPPG signal. The proposed system has a number of strengths, such as being non-invasive, cost-effective, and can be implemented in real-time, thus a potential solution to telemedicine, remote patient monitoring and smart health care systems. Nevertheless, motion artefacts and different lighting conditions continue to negatively impact performance and need additional efforts to be addressed.
    Further research can be directed to the integration of deep learning-based models, adaptive ROI tracking, and state-of-the-art motion compensation methods to make the system more robust in the real-world setting. As the development continues, the rPPG-based systems can potentially emerge as a feasible substitute for the conventional heart rate monitoring systems that are based on contact.
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