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Abstract


Heart rate (HR) is an important indicator reflecting the overall physical and mental health of the human body, playing a crucial role in diagnosing cardiovascular and neurological diseases. Recent research has revealed that variations in the light absorption of human skin captured through facial video over the cardiac cycle, due to changes in blood volume, can be utilized for non-contact HR estimation. However, most existing methods rely on single-modal video sources (such as RGB or NIR), which often yield suboptimal results due to noise and the limitations of a single information source. To overcome these challenges, this paper proposes a multimodal information fusion architecture named the spatiotemporal sensitive network (SS-Net) for non-contact heart rate estimation. Firstly, spatiotemporal feature maps are utilized to extract physiological signals from RGB and NIR videos effectively. Next, a spatiotemporal sensitive (SS) module is introduced to extract useful physiological signal information from both RGB and NIR spatiotemporal maps. Finally, a multi-level spatiotemporal context fusion (MLSC) module is designed to fuse and complement information between the visible light and infrared modalities. Then, different levels of fused features are refined in task-specific branches to predict both remote photoplethysmography (rPPG) signals and heart rate (HR) signals. Experiments conducted on three datasets demonstrate that the proposed SS-Net achieves superior performance compared to existing methods.
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1. Introduction


Heart rate (HR) is a crucial parameter in assessing cardiac physiological activities. Current measurement technologies primarily include electrocardiography (ECG) and photoplethysmography (PPG). However, these methods require contact with the subject’s skin, which can cause discomfort and are unsuitable for burn patients or newborns. In recent years, remote photoplethysmography based on facial video has gained significant attention. This method utilizes ordinary cameras to record facial skin color changes caused by cardiac pulsation, enabling the non-contact measurement of heart rate.



Existing non-contact signal measurement methods are divided into blind source separation (BSS) methods and optical modeling methods. BSS aims to extract target signals from mixed observations, and common BSS methods include independent component analysis (ICA) [1] and principal components analysis (PCA) [2,3,4]. Optical modeling methods, such as CHROM [5], POS [6], and those in [7], aim to design skin reflection models to reduce the effects of illumination and motion fluctuations on irrelevant noise in rPPG signals. These methods reported good results under constrained situations, but may not perform well in the presence of large head motions and lighting variations.



In recent years, deep learning has demonstrated satisfactory performance across various fields, with research on deep learning-based non-contact heart rate measurement becoming a focal point in this domain. Approaches such as rPPG-MAE [8], PhysFormer++ [9], and MaskFusionNet [10] improve the measurement effect by building a suitable neural network, extracting features and removing noise, reducing the impact of motion and lighting changes. Furthermore, Chiu et al. [11] have proposed using near-infrared (NIR) videos as input data to neural networks for heart rate prediction, achieving better results under dim lighting conditions. However, most of the existing methods concentrate on single-modal data, which restricts the adaptability and efficacy of the methods by limiting the effective usage of complementary information across distinct modalities.



The above-mentioned fact inspires us to advocate for the combination of RGB and NIR modalities for heart rate measurement in complex situations. Multimodal fusion combines information taken from many modalities into a stable multimodal representation in which the information from each modality complements one another. This approach facilitates HR estimation under less-constrained conditions, such as varying lighting, random motion, and skin color differences. Leveraging the complementary advantages of these two modalities, we have developed a spatiotemporal sensitive network for non-contact physiological signal estimation. Initially, we construct spatiotemporal feature maps to acquire a more lightweight and information-rich representation of RGB and NIR video data. These spatiotemporal feature maps are then fed into the SS-Net. Specifically, we introduce a spatiotemporal sensitive (SS) module to extract features from the spatiotemporal feature maps of each single modality. Subsequently, we design a multi-level spatiotemporal context fusion (MLSC) module to integrate features from both modalities across spatiotemporal and hierarchical dimensions, thereby simultaneously outputting multiple physiological signals.



We summarize the main contributions of this paper as follows:




	
We constructed a spatiotemporal sensitive network to enhance heart rate prediction under less-constrained environments, which leverages multimodal data and extracts information across different spatiotemporal coordinates in the spatiotemporal feature map.



	
We designed a spatiotemporal sensitive (SS) module based on a convolution detector and attention screening mechanism to address the practical problem of information scarcity in time and space dimensions. The SS module integrates signals of different spatiotemporal receptive fields and completes the spatiotemporal sensitivity filtering of signals, achieving a physiological signal feature representation with more semantic information.



	
We designed a multi-level spatiotemporal context fusion (MLSC) module consisting of three spatiotemporal context fusion (SC) modules to better achieve the effective fusion of infrared and visible light multimodal information. The MLSC module can effectively fuse spatiotemporal context information in multiple semantic spaces, effectively compensating for the information loss problem of traditional fusion methods.



	
We conducted a series of experiments on the VIPL-HR, MR-NIRP, and UBFC-rPPG datasets, demonstrating the superior performance of our method across these three datasets.








The organization of the remainder of this paper is outlined as follows: Section 2 provides a review of the relevant literature on methodologies for heart rate estimation. Section 3 elaborates on the specifics of model formulation and architectural design. Section 4 presents the results obtained from the experiments conducted. Lastly, Section 5 concludes the study and considers potential avenues for future research.




2. Related Work


Heart rate can be estimated by processing the rPPG signals extracted from a facial video. Methods for extracting heart rate from facial videos can be categorized into three main approaches: traditional methods, deep learning-based methods and multimodal fusion methods.



Traditional methods based on blind source separation and optical modeling are commonly used approaches for heart rate estimation, such as independent component analysis (ICA) [1], principal components analysis (PCA) [2], and CHROM [5]. To improve the effectiveness of measurements in less-constrained situations, some more sophisticated approaches were proposed and obtained improved heart rate measurement accuracy. Tong et al. [3] used a biorthogonal wavelet on rPPG signals to distinguish the unique pattern of arterial subtle variation from interferences, to measure the detail-preserving arterial pulse wave via interference isolation from facial video. They also proposed a novel modulation illumination approach to separate the surface reflections and obtain the subcutaneous diffuse reflections containing the pulse wave information [7]. Kurihara et al. [4] proposed a framework that can model the BVP dynamics exhibiting nonlinearity and quasi-periodicity, enabling accurate BVP signal extraction that is less sensitive to noise. However, these methods usually make some assumptions about skin reflection (e.g., the linear combination assumption) and the influence of head motion. Such assumptions may not hold in the presence of large head motions and lighting variations.



Deep learning-based methods involve constructing network models and training them with large datasets to predict physiological signals. These methods have garnered significant attention due to their robust feature extraction and denoising capabilities. Yu et al. [12] first used deep spatiotemporal networks for reconstructing precise rPPG signals from raw facial videos. Niu et al. [13] used spatial–temporal representation encoding from several ROI (Region of Interest) locations as inputs to convolutional neural networks. Jaiswal et al. [14] converted 3D video into 2D spatiotemporal images as the input to their model, and the proposed model projects a new motion representation to a CNN derived using wavelets, which enables the estimation of heart rate under heterogeneous lighting conditions and continuous motion. Kuang et al. [15] proposed a 3D CNN-based spatiotemporal attention network to recover high-quality rPPG signals for heart rate variability analysis, it introduced a GRU to guide the network to learn dependencies in long-term contexts. Gupta et al. [16] utilized a multi-head attention mechanism that facilitates feature subspace learning to extract the multiple correlations among the color variations corresponding to the periodic pulse and proposed novel signal embedding to enhance the rPPG feature representation and suppress noise. Yu et al. [17] proposed PhysFormer to adaptively aggregate both local and global spatiotemporal features for rPPG representation enhancement. To better exploit the temporal contextual and periodic rPPG clues, they also extended the PhysFomer to the two-pathway SlowFast-based PhysFormer++ with temporal difference periodic and cross-attention transformers [9]. Zhang et al. [10] proposed a two-stage model called MaskFusionNet to extract multi-scale fused heart rate features from a wide range of skin regions while preserving the modeling capability of long-range sequence information. Wang et al. [18] constructed a self-supervised machine learning network to achieve the robust measurement of heart rate. Shao et al. [19] focused on the high-dimensional features in face videos and the global context of skin color changes in the temporal dimension to improve the robustness of heart rate measurement. Li et al. [20] proposed two plug-and-play blocks to alleviate the degradation of changing distance and head motion. However, most deep learning-based methods are largely focused on single-modal data, limiting the effective exploitation of complementary information between distinct modalities and failing to meet the requirements for physiological signal assessment in complicated real-world scenarios.



Multimodal fusion methods aim to combine information from various modalities into a single one; the information contained in fused features will become more abundant. For example, RGB video contains richer information about physiological signals, and physiological signals in NIR video are less susceptible to changes in illumination. Therefore, many researchers have focused on using multimodal information to estimate heart rate. Kado et al. [21] discussed a method for estimating HR from RGB and NIR videos that automatically selects relevant facial regions in both spatial and spectral domains. Kurihara et al. [22] proposed an adaptive fusion of RGB and NIR signals for HR estimation, based on analyzing changes in background illumination. Then, they combined the physiological BVP model into a multispectral HR estimation framework to suppress ambient light noise and obtain accurate BVP signals, thereby improving heart rate measurement performance [23]. Park et al. [24] proposed an end-to-end fusion video vision transformer network to integrate the spatiotemporal representations of complementary RGB and NIR, enabling robust HR estimation under complex conditions. However, existing multimodal fusion methods often rely on manually crafted features for spatiotemporal characteristics, which limits their generalization and robustness, and prevents them from fully exploiting compensatory information between different modalities.




3. Proposed Method


Figure 1 illustrates the overall structure of the proposed SS-Net. After facial coordinate localization, RGB video sequences and NIR video sequences are processed to retain Region of Interest (ROI) sequences, which are stored in the form of spatiotemporal feature maps and serve as inputs to the network. The spatiotemporal sensitive (SS) module captures spatiotemporal information that is relevant to physiological signals from both RGB and NIR spatiotemporal feature maps. Subsequently, the multi-level spatiotemporal context fusion (MLSC) module assesses the importance of different modalities, spatiotemporal dimensions, and semantic levels for guiding the fusion. Finally, the Refine module is employed on respective task branches to predict rPPG waveforms and HR values.



3.1. Data Processing


Inspired by [13], which suggests that human heart rate varies rhythmically over a continuous period, we store video frames composed of continuous T frames as spatiotemporal maps. This input feature facilitates easier learning of physiological signal information by neural networks. In [25], it is mentioned that the face contains the richest physiological signal information. Therefore, we first identify and locate the facial region within the video sequence, subsequently storing the ROI sequences composed of facial regions as spatiotemporal maps.



Around the face, there are non-skin areas such as hair and background that do not contain an rPPG signal. To reduce this noise, we employ the Dlib [26] face detector to detect 68 facial landmarks. We filter out noisy areas based on specific coordinate points.



Particularly, as illustrated in Figure 2, for a video segment consisting of T frames, we illustrate the processing using the first frame of the video segment. First, we employ Dlib to detect facial landmarks and locate ROIs according to the principles mentioned above. Then, the ROI region is divided into   w × h   blocks, resulting in   N = w × h   blocks. Each pixel within each channel of each block undergoes average pooling, yielding results denoted as     b   1   N       ∈       R   3    , indicating the first block among   N   blocks with three channels. After processing all ROI blocks in this frame, we concatenate     b   n   N    ,   n ∈ [ 1 , N ]   to obtain     f   1    . We process the remaining video frames frame by frame to obtain     f   2   … ,     f   T    , where   T   denotes the total number of frames in the video segment. Finally, we concatenate     f   t   , t ∈   1 , T     in chronological order to obtain the spatiotemporal map     M   t e m p   ∈   R   T × N × 3    . By transposing     M   t e m p    , we obtain   M  , where each row of the spatiotemporal map represents the temporal evolution of the average pixel values of an ROI block, and each column represents the average pixel values of different ROI blocks at a given time point.




3.2. Spatiotemporal Sensitive (SS) Module


The skin color of the face changes slightly over a continuous period of time as the pulse contracts [13,27], which indicates that there is a time dependency in predicting skin color changes between frames. To obtain a more robust heart rate measurement method, we focus on the contextual relationship of skin color changes in continuous time based on the principle that the signal characteristics of rPPG are obtained through skin color changes in continuous time. We design a special attention module in the rPPG field based on a transformer, named the spatiotemporal sensitive (SS) module, which can obtain rPPG-sensitive information in both time and space dimensions, and the slight changes in skin color can be obtained sensitively. On this basis, we introduced a multi-channel dilated convolution design in the field of attention mechanism. Through receptive fields of different sizes, we can more comprehensively capture the changes in global and local features in the spatiotemporal dimensions, and further improve the rPPG’s ability to capture signals of different degrees of changes.



The proposed SS module consists of a convolutional detector and an attention screening mechanism. The convolutional detector employs dilated convolutions to incorporate signals from different receptive fields into the signal pool. Subsequently, the attention screening mechanism, utilizing a coordinate attention mechanism, filters these signals, enabling the selection of physiologically sensitive areas in the spatiotemporal feature maps.



As shown in Figure 1, RGB and NIR spatiotemporal maps are input into SS modules with identical structures but different parameters. The specific structure of the spatiotemporal sensitive (SS) module is depicted in Figure 3, with each SS module containing 2 SS blocks.



Given features   F   with the size of   H × W × C  , the shifted window mechanism first reshapes the input to      H W     M   2      ×   M   2   × C   features via partitioning the input into non-overlapping   M × M   local windows, where      H W     M   2        is the total number of windows. Next, it performs standard self-attention separately for each window. For a local window feature   X   ∈     R     M   2   × C    , three learnable weight matrices,     W   Q     ∈     R   C × C    ,     W   K     ∈     R   C × C     and     W   V     ∈     R   C × C    , that are shared across different windows are employed to project it into the query   Q  , key   K   and value   V   by:


    Q , K , V   =   X   W   Q   , X   W   K   , X   W   V        



(1)







Then, the attention function computes the dot-product of the query with all keys, which is then normalized with the softmax operator to yield attention scores. The attention mechanism is defined as:


  A t t e n t i o n   Q , K , V   = s o f t m a x      Q   K   T        d   k       + B   V  



(2)




where     d   k     is the dimension of keys and   B   is the learnable relative positional encoding. We extend the self-attention into window multi-head self-attention (W-MSA) or shifted window multi-head self-attention (SW-MSA) to enable the attention mechanism to consider various attention distributions and make the model capture information from different perspectives. The spatiotemporal sensitive (SS) block is always performed after both layer normalization (LN) and MSA. Next, LN and multi-layer perceptron (MLP) layers are deployed to refine the feature tokens yielded by MSA. As can be seen in the green flowchart on the left side of Figure 3, in layer l, a window multi-head self-attention (W-MSA) layer is employed, and the attention is computed within each window. In the next layer, a shifted window multi-head self-attention (SW-MSA) layer is employed, which results in new window. Thus, the attention computation in the new windows crosses the boundaries of the windows in layer l, providing connections among them. Finally, the output of the l-th SS module is calculated as follows:


        l      z   ∧   = W − M S A   S S   L N     z   l − 1         +   z   l − 1           l      z   ∼   = M L P   L N     l      Z   ∧       +   l      z   ∧           l      z   −   = S W − M S A   S S   L N     l      Z   ∼         +   l      z   ∼           z   l   = M L P   L N     l      Z   −       +   l      z   −        



(3)




where     l      z   ∧    ,     l      z   ∼     and     l      z   −    , respectively, represent the outputs of W-MSA, MLP, and SW-MSA.     z   l     denotes the output of the   l  -th SS module.



In the Swin transformer [28], whether there is W-MSA or SW-MSA, the window size is always fixed, limiting the window to only contain feature maps within a fixed temporal and spatial range. As observed in [29], the size of the input feature map affects the network’s final output because a feature map that is too large contains excessive noise, while a feature map that is too small lacks sufficient useful information. To address this limitation, we propose adding an SS block before the MSA module. The design of the SS block allows the MSA to interact with multiple spatiotemporal dimensions in a fixed-size window calculation, enhancing its sensitivity to physiological information in different spatiotemporal dimensions.



The structure of the SS block is shown on the right side of Figure 3. We first shuffle the channels of the spatiotemporal feature map evenly [30], ensuring that after the subsequent split group operation, the feature map retains the information exchange between different groups. Then, we group the spatiotemporal feature map along the channel direction. Within each group, we use dilated convolution [31] to extract features from different spatiotemporal coordinate ranges. Finally, we concatenate the grouped spatiotemporal feature maps back to their original shape, enabling the spatiotemporal feature map to encompass features from multiple spatiotemporal coordinate scales. Additionally, we introduce coordinate attention [32], which applies attention along each of the two coordinate directions independently. This allows it to capture long-range dependencies along one coordinate direction while preserving precise positional information along the other, thereby helping the network learn spatiotemporal information across different spatiotemporal dimensions in the feature map.



Specifically,   F   represents the input to the SS block. Initially,   F   undergoes a channel shuffle operation, where the channel order is uniformly disrupted and equally divided into     S   1    ,     S   2    , and     S   3    . Then,     S   1    ,     S   2     and     S   3     are passed through three parallel branches of dilated convolution, each with a dilation rate of   r = 1 , r = 3 ,   a n d   r = 5  . The outputs of these branches,     x   1   ,    x 2    a n d    x 3   , are concatenated and the channel number is restored to c, resulting in   x  . The outputs of the three branches are expressed as


     S   1   ,     S   2   ,     S   3   = S p l i t   S h u f f l e   F          x   1   =   D i l a t e d C o n v   r = 1       S   1          x   2   =   D i l a t e d C o n v   r = 3       S   2          x   3   =   D i l a t e d C o n v   r = 5       S   3        x = C o n c a t     x   1   ,   x   2   ,   x   3       



(4)







Given the input feature   x   ∈   R   C × H × W    , we use two spatial extents of pooling kernels   ( H , 1 )   or   ( 1 , W )   to encode each channel along the horizontal coordinate and the vertical coordinate, respectively. Thus, the output of the c-th channel at height h can be formulated as


  a v g p o o l     x   c   h     =    1   W        ∑  0 ≤ i < W      x   c     h , i      



(5)







Similarly, the output of the c-th channel at width w can be written as


  a v g p o o l     x   c   w     =    1   H        ∑  0 ≤ j < H      x   c     j , w      



(6)







Specifically, given the aggregated feature maps   a v g p o o l (   x   c   h   )   and   a v g p o o l (   x   c   w   )  , we first concatenate them and then send them to a shared   1 × 1   convolutional transformation function     F   1    , yielding


    f = δ     F   1     a v g p o o l     x   c   h       , a v g p o o l     x   c   w          



(7)




where   [ · , · ]   indicates the concatenation operation of the feature maps,   δ   refers to the nonlinear activation function, the intermediate feature   f ∈   R      C   r    × ( W + H ) × 1     is derived from the process. We then split   f   along the spatial dimension into two separate tensors,     f   h   ∈   R      C   r    × H × 1     and     f   w   ∈   R      C   r    × W × 1    . Another two   1 × 1   convolutional transformations,     F   h     and     F   w    , are utilized to separately transform     f   h     and     f   w     to tensors with the same channel number to input x, yielding


     g   h   = σ     F   h       f   h            g   w   = σ     F   w       f   w         



(8)




where   σ   stands for the sigmoid activation function.



The output     g   h     and     g   w     are then expanded and used as attention weights, respectively. Finally, the output of our coordinate attention block   o u t p u t (   x   c   ( i , j ) )   can be written as


  o u t p u t     x   c     i , j     =   x   c     i , j   ×   g   c   h     i   ×   g   c   w     j    



(9)







The SS block utilizes grouped dilated convolutions and coordinate attention to encode spatiotemporal contextual information within different spatiotemporal coordinate ranges. This approach enables the spatiotemporal maps to contain more precise spatiotemporal contextual details, thereby effectively enhancing the robustness of physiological feature extraction.




3.3. Multi-Level Spatiotemporal Context Fusion (MLSC) Module


To solve the problem of the poor effect of non-contact measurement in complex environments, we complement RGB and NIR modal information to improve the robustness of measuring heart rate. Most feature fusion techniques are limited to integrating complementary information from a local perspective and fail to accomplish comprehensive global information aggregation. Such fusion methods lose the contextual relationship of information across continuous time segments and adjacent spatial ranges. Based on [33], we developed a spatiotemporal context fusion (SC) module, which can effectively exploit and aggregate the global spatiotemporal context within and between modalities, thereby enhancing the complementary fusion of visible light and infrared data. Furthermore, inspired by MTAN [34], we proposed a multi-level fusion framework, named the multi-level spatiotemporal context fusion (MLSC) module, which consists of three SC modules to perform signal fusion at multiple semantic levels. These fused features with different semantic levels are used in subsequent specific task branches, and each branch assigns the best weight to them to achieve the best effect for a specific task.



The spatiotemporal context fusion (SC) module we designed is illustrated in Figure 4. The key difference from the Swin transformer lies in its use of multi-head cross-attention (MCA) instead of MSA (multi-head self-attention), enabling cross-modal global context interaction. Stage 1 of the SC module focuses on intra-modal fusion to integrate global interactions in the same modality and stage 2 focuses on inter-modal fusion to further integrate the global interactions between different modalities. The structure of stage 1 of the SC module differs from that of the SS module by the presence or absence of the SS block, so we will not repeat the explanation of the first stage of the SC module. Assuming the outputs of the first stage of the SC module are   X 1   and   X 2  , stage 2 of the SC module is defined as follows:


       Q   1   ,   K   1   ,   V   1     =     X   1     W   1   Q   ,   X   1     W   1   K   ,   X   1     W   1   V            Q   2   ,   K   2   ,   V   2     =     X   2     W   2   Q   ,   X   2     W   2   K   ,   X   2     W   2   V          1        Z   ∼   = L N   M C A     Q   1   ,   K   2   ,   V   2       +   Q   1   )      2      Z   ∼   = L N   M C A     Q   2   ,   K   1   ,   V   1       +   Q   2        Z   1   = L N   M L P     1      Z   ∼       +   1      Z   ∼        Z   2   = L N   M L P     2      Z   ∼       +     2      Z   ∼     



(10)







As shown in Equation (10), for the     Q   1     from the RGB modality, it integrates cross-modal information by performing attention weighting with     K   2     and     V   2     from the NIR modality, while preserving its modality information in the RGB modality through the residual connections. To balance computational resources and fusion effectiveness, our model deploys three SC modules. Each fusion layer consists of cascaded intra-modal fusion units and inter-modal fusion units, alternating to integrate global intra-modal and inter-modal interactions.



After each spatiotemporal context fusion layer, we obtain outputs     Z   1   i     and     Z   2   i     from the two modalities, where   0 < i < 4   denotes the output of the   i  -th SC module. We concatenate     Z   1   i     and     Z   2   i     along the channel dimension and then aggregate local information from different modalities using a convolutional layer with spatially invariant filters. This enhances our model’s translational equivariance and can be represented as follows:


     Z   l e v e l 1   =   H   c o n v   ( C o n c a t (   Z   1   1   ,   Z   2   1     ) )      Z   l e v e l 2   =   H   c o n v   ( C o n c a t (   Z   1   2   ,   Z   2   2     ) )      Z   l e v e l 3   =   H   c o n v   ( C o n c a t (   Z   1   3   ,   Z   2   3     ) )   



(11)







    H   C o n v   ( · )   represents a convolutional layer, and   C o n c a t ( · , · )   denotes concatenation along the channel dimension.     Z   l e v e l i     refers to the deep features generated by the   i  -th SC module. These serve as inputs to the Refine module [35].



The structure of the Refine module is illustrated in Figure 5. We use two independent branches to predict rPPG and HR respectively. Each task branch includes three Refine modules. The Refine module refines the fusion features at each level to extract task-oriented features to improve estimation performance. As illustrated in Figure 5, the Refine module has two inputs:     Z   l e v e l i     represents the fusion features learned by the   i  -th SC module;     R   m − 1   n     represents the features of the   n  -th task learned by the   m − 1   Refine module. It is worth noting that the first Refine module accepts only     Z   l e v e l 1     as input. Therefore, the refined feature learned by the nth task in the m-th layer can be denoted as     R   m   n    . The output     R   m   n     of the Refine module can be calculated as follows:


    R   m   n   = C o n v B l o c k 2 ( C o n v B l o c k 1     R   m − 1   n     ⨁ ( D A M B l o c k (   Z   l e v e l i   ) ) )  



(12)







  C o n v B l o c k 1   consists of a   3 × 3   D S C o n v   [36], a   B N   layer [37], and a   S i g m o i d   layer;   C o n v B l o c k 2   consists of a   3 × 3   convolution, a   B N   layer, a   R e L u   layer, and a   P o o l i n g   layer;   ⊕   denotes element-wise addition.



  D A M B l o c k   ·     comprises channel attention and spatial attention. Given input feature map     F   1   ∈   R   C × H × W    , the intermediate state     F   2     and output     F   3     are defined as:


     F   2   =   M   c       F   1     ⨂   F   1        F   3   =   M   s       F   2     ⨂   F   2     



(13)







    M   c     and     M   s     represent the channel attention submodule and spatial attention submodule, respectively;   ⊗   denotes element-wise multiplication.



Each branch is composed of three enhanced modules, including a max pooling layer with a kernel size of 3 × 3, as well as a fully connected layer. Each branch predicts HR and rPPG signals utilizing the refined fused features. For the HR and rPPG branches, the output dimensions of the fully connected layers are configured to (1,) and (300,) accordingly.




3.4. Loss Function


To predict the rPPG task and HR task, we have designed specific loss functions for each.



For the prediction of the rPPG signal, our objective is to ensure similarity between the predicted rPPG signal and the true rPPG signal. Therefore, we choose the negative Pearson correlation coefficient     L   n p     as the loss function for rPPG estimation:


    L   n p   = 1 − ρ = 1 −      ∑  i = 1   n    (   x   i   −   x  ¯  ) (   y   i   −   y  ¯  )        ∑  i = 1   n      (   x   i   −   x  ¯  )   2       ∑  i = 1   n      (   y   i   −   y  ¯  )   2          



(14)







For the HR prediction, our goal is to minimize the difference between the predicted HR and the true HR. Therefore, we use the L1 loss function     L   l 1     as the HR estimation loss function:


    L   l 1   =    1   n      ∑  i = 1   n        y   i   − f (   x   i   )      



(15)







For multi-task prediction, we need to design a multi-task loss function that weights the relative contributions of each task equally, ensuring that the model learns all tasks equally rather than favoring easier tasks. The overall loss function   L   is composed of     L   n p     and     L   l 1    , weighted by a parameter   α  , defined as:


  L = ( 1 − α )   L   n p   + α   L   l 1    



(16)









4. Experimental Results


This section provides a detailed introduction to the datasets and experimental setups used to assess the performance of the proposed method. Firstly, the effectiveness of the SS-Net is validated through comparisons with SOTA methods using both intra-dataset and cross-dataset testing. Subsequently, the results of ablation studies are presented and discussed.



4.1. Dataset and Experimental Setup


The visual information processing and learning for heart rate (VIPL-HR) dataset [38] comprises 2378 color videos and 752 near-infrared videos from 107 participants (79 males and 28 females) aged between 22 and 41 years. The videos were recorded using three different devices (Logitech C310, HUAWEI P9, RealSense F200), with each video segment lasting approximately 30 s and captured at a frame rate of about 30 fps. Participants were allowed to perform natural body movements such as talking and head rotation, making the dataset more representative of real-world conditions. Additionally, physiological signals such as HR, BVP, and blood oxygen were simultaneously recorded for each participant. The average grayscale values of faces in the VIPL-HR dataset range from 60 to 212, covering a wide range of lighting conditions. Heart rates range from 47 to 146 beats per minute, encompassing a typical range of heart rates. The MERL-Rice Near-Infrared Pulse (MR-NIRP) dataset [39] consists of color and near-infrared videos from eight subjects (two females and six males) with variations in skin color and facial hair, aged between 20 and 40 years. Each video segment is approximately 3 min long, recorded at a frame rate of about 30 fps. The UBFC-rPPG dataset [40] includes 54 visible light videos from 49 subjects, recorded using Logitech C920 HD Pro, with each video segment lasting approximately 1 min, recorded at 30 fps with a resolution of 640 × 480. The Univ. Bourgogne Franche-Comté Remote Photoplethysmography (UBFC-rPPG) dataset also includes recorded PPG waveforms and heart rates. In this study, all videos and video segments were standardized to 300 frames with a stride of 15 frames between segments. Each detected face in every frame was down-sampled to 180 × 180 pixels. A window size of w = 5 and h = 5 was applied to generate spatiotemporal maps used as training and testing samples. To validate the effectiveness of the proposed structure, subject-exclusive 5-fold cross-validation was utilized.



Experimental Setup: Due to the PPG signals in the datasets having different sampling rates than the camera frame rates, we resampled PPG signals to synchronize with the video frame rates. Finally, PPG signals from the VIPL-HR, MR-NIRP, and UBFC-rPPG datasets were resampled at 30 frames per second. We set the training epochs to 160 and the batch size to 32. In addition, we used the Adam optimization algorithm, initiating with a learning rate of 1 × 10−4, which was subsequently decreased to 5 × 10−5 after half of the epochs. For the loss function,   α   set to 0.1. Our proposed model was implemented using PyTorch and trained on an NVIDIA GeForce RTX 3090 GPU with 24 GB of memory.



Evaluation Metrics: To evaluate the effectiveness of the SS-Net in predicting rPPG and HR, we use metrics such as Mean Absolute Error (MAE), Root Mean Square Error (RMSE), Standard Deviation (SD), Mean Error Rate percentage (MER), and the Pearson correlation coefficient (r). Lower values of MAE, SD, MER, and RMSE indicate that     H R   p r e     is closer to     H R   g t    . The coefficient   r   represents the linear correlation between     r P P G   p r e     and     r P P G   g t    , where a value closer to 1 signifies a stronger linear relationship between them.




4.2. Intra-Dataset Testing


(1) Results on the VIPL-HR Dataset: We first compared our proposed method with state-of-the-art (SOTA) methods on the VIPL dataset to validate its performance. This included traditional methods (CHROM [5], POS [6]) and deep learning-based methods (Rhythmnet [13], those of Jaiswal et al. [14], those of Wang et al. [18], rPPG-MAE [8], PhysFormer [17], PhysFormer++ [9], TranPhys [19], MaskFusionNet [10], and FusionViViT [24]). It is important to note that the input data used in these comparison methods are all single-modal RGB data, except for FusionViViT [24]. To evaluate our model more objectively, we set up the SS-Net-RGB model, which stands for using only RGB modal data as input, i.e., no MLSC module, and the structure of the SS-Net-RGB network is shown in Figure 6. The experimental results are shown in Table 1. From Table 1, it is evident that CHROM performs best among traditional methods due to its introduction of a standardized skin color vector, which enhances robustness in complex environments, although there remains a gap compared to deep learning methods. Additionally, Table 1 demonstrates that deep learning methods achieve higher accuracy in heart rate estimation compared to traditional methods, as they can learn more important spatiotemporal information encoded in facial videos. Notably, compared with the work of Jaiswal et al. [14], the proposed SS-Net outperforms 2.37 bpm in the MAE metric because the SS-Net obtains more accurate heart rate estimation results by focusing on the temporal context of rPPG signals. In addition, both the SS-Net and SS-Net-RGB are significantly better than the SOTA methods, and the SS-Net is more effective than SS-Net-RGB. This is attributed to the enhancement of physiological signal features across different spatiotemporal scales through the SS module, and the integration of fusion features from different levels in the spatiotemporal dimension using the MLSC module.



Specifically, the SS-Net achieved an MAE of 2.86 bpm, an RMSE of 4.74 bpm, a MER of 3.35%, and an   r   value of 0.95 for heart rate estimation. Figure 7 illustrates the Bland–Altman plot and scatter plot of heart rate prediction results on the VIPL dataset. The average HR difference was 0.28 bpm, with 95% limits of agreement ranging from −8.16 to 8.72 bpm. The Pearson’s correlation coefficient of the proposed method was r = 0.95 and the coefficient of determination was R2 = 0.91, indicating a good correlation between the predicted and ground truth values.



Figure 8 compares the true rPPG signals with the predicted rPPG pulses, revealing a high correlation between the predicted and true signals, further demonstrating the efficiency of our method.



To visually demonstrate our method’s efficiency in predicting HR, Figure 9 compares predicted HR values to true HR values over varying time windows. It can be observed that even when the true HR fluctuates significantly in short periods, the predicted HR values remain near the true HR values, demonstrating the robustness of the proposed method.



(2) Results on the MINIRP-Dataset: Our proposed approach has been verified for effectiveness on the MR-NIRP dataset, and the HR estimate results are shown in Table 2. We compared our method to traditional approaches (CHROM [5], POS [6], those in the work of Kado et al. [21], those in the work of Kurihara et al. [4]) and deep learning-based methods (PhysNet [12], Physfomer [17]). It is clear that deep learning-based methods outperform traditional approaches, consistent with the performance on the VIPL-HR dataset. Additionally, the MAE index of the SS-Net is better than that of other methods, except PhysFormer, which is 0.11 bpm lower than PhysFormer. This indicates that our network exhibits a good correlation in predicting heart rate and reduces outliers effectively. The Bland–Altman plot and scatter plot for HR prediction versus ground truth on the MR-NIRP dataset are shown in Figure 10. The average HR difference is 0.18 bpm, with a 95% consistency range of −2.93 to 3.30 bpm. The Pearson’s correlation coefficient of   r   = 0.98 and the coefficient of determination was R2 = 0.95, demonstrating the robustness and strong generalization ability of our method.



However, it is worth noting that while our method achieves competitive results, the gap between our method and PhysNet or Physfomer is not very pronounced. This is attributed to the limited scale of the MR-NIRP dataset, comprising merely 8 participants in contrast to the 107 participants in the VIPL-HR dataset. The dataset’s reduced size, insufficient sample variability, and poor robustness render existing heart rate prediction models vulnerable to overfitting, a concern previously highlighted in [19]. Consequently, we aim to assess the efficacy of our model on the more complex UBFC-rPPG dataset.



(3) Results on the UBFC-rPPG dataset: We evaluated our proposed method on the UBFC-rPPG dataset, which consists of visible video only, and therefore we used the SS-Net-RGB network for evaluation. The Bland–Altman plot and scatter plot depicting the predicted and true HR on the UBFC-rPPG dataset are shown in Figure 11. The average HR difference was −0.36 bpm, with a 95% consistency range of −5.76 to 5.03 bpm. The Pearson’s correlation coefficient was   r   = 0.98 and the coefficient of determination was R2 = 0.97. As shown in Table 3, even with the use of only visible light videos, our proposed method achieved HR estimation metrics of 2.06 MAE, 2.86 RMSE, and 3.40% MER, which outperformed other deep learning approaches and traditional methods. These results demonstrate the effectiveness of the SS module and validate the points raised earlier, highlighting the superior performance of our model with increasing data sample complexity.




4.3. Cross-Dataset Testing


In addition to intra-dataset testing on the VIPL-HR, MR-NIRP, and UBFC-rPPG datasets, we also conducted cross-dataset testing to assess the SS-Net’s generalization capabilities. We directly tested the model trained on the VIPL-HR dataset on the MR-NIRP dataset. This decision was due to the fact that the VIPL-HR dataset is more challenging and contains more complex scenarios. Thus, ensuring that models trained on one dataset can effectively generalize to others is straightforward. Table 4 shows the comparison between our technique and SOTA methods.



The results demonstrate that our method outperforms other methods. Specifically, compared to traditional methods, our approach maintains a significant advantage in heart rate prediction. Compared with PhysFormer [17] and PhysNet [12], our proposed method achieves a superior MAE of 2.67 bpm and 2.05 bpm, respectively, in HR estimation on the MR-NIRP dataset and outperforms the methods of Li et al. [20] by 4.20 bpm in RMSE.




4.4. Ablation Study


This section displays the method’s ablation study results on the VIPL-HR dataset, which is more complex and allows for an investigation of the impact of each module on experimental performance.



	(1)

	
Impact of the SS Module: To assess the impact of the SS Module, we designed the following five experiments:




	(a)

	
We use the multi-attention network proposed in [41] as the feature extraction network to replace the SS module.




	(b)

	
We use the SS module without an SS block.




	(c)

	
We use the SS module with an SS block, but the SS block does not contain a screener. The screener refers to the coordinate attention.




	(d)

	
We use the SS module with an SS block, but the SS block does not contain a detector. A detector refers to channel shuffle and dilated convolution.




	(e)

	
We use the proposed SS module.













The results are shown in Table 5. By comparing ablation experiments a and e, it can be observed that ablation experiment e showed a 0.7 MAE advantage in the HR estimation compared with ablation experiment a; the reason for this is that the multi-attention [41] uses pooling layers with different functions on two parallel branches, which makes the module focus not only on global features but also on averages ones, but the attention module based on a convolutional architecture cannot mine long context rhythm clues, which represent subtle changes hidden under skin color as the spatiotemporal dimensions change.



Comparing ablation experiments b, c, and d indicates that the screener and detector obtain a more accurate heart rate estimation by aggregating information from multiple spatiotemporal dimensions and focusing on the physiological signals contained in the feature ocean, respectively.



Furthermore, by comparing ablation experiments b and e, it can be observed that ablation experiment e performs 0.31 MAE better compared to ablation experiment b. This difference stems from the SS module enhancing discriminative features related to physiological signals across various spatiotemporal coordinates, thereby improving the performance of physiological signal prediction.



In addition, we analyzed the input feature size for the SS Module, where the dimensions of the feature maps represent the temporal and spatial directions. The amount of information contained in the feature maps can significantly impact the accuracy of physiological signal estimation. Therefore, we experimented with input features containing different amounts of temporal and spatial information. As shown in Figure 12a, when examining the impact of varying amounts of temporal information, it becomes evident that greater amounts of temporal information lead to smaller errors in heart rate estimation. Specifically, when the input features contain 300 frames (10 s), the MAE reaches 2.86 bpm, with a correlation coefficient r of 0.95. This improvement is attributed to the additional temporal information included in the input feature, which contains more physiological signal information, thereby enhancing heart rate estimation. Subsequently, to ensure real-time heart rate measurement, we refrained from increasing the amount of temporal information in the feature maps and instead increased the amount of spatial information by reducing the spatial block resolution. As illustrated in Figure 12b, the results demonstrate that increasing the spatial information in the input features leads to degraded heart rate prediction performance. This can be explained by the introduction of redundant information features when increasing spatial information, which introduces noise that adversely affects heart rate estimation.



	(2)

	
Impact of the SC Module: To assess the impact of the SC module, we compared the performance of the SC module against a CNN-based fusion module, specifically the JAFF module from [35], which introduces an attention mechanism to consider the importance of different locations, feature channels, and modalities. The structure of the network is shown in Figure 13. Additionally, we conducted experiments without any fusion module, and the network structure without the fusion module is illustrated in Figure 6. Table 6 shows the results. By comparing the results of ablation experiments a, b, c, and d, it can be observed that the effect obtained from modules to derive fused features for heart rate prediction outperforms those obtained from using single-modal features because the fusion RGB modal information and NIR modal information provides stronger robustness in complex environments due to the complementary nature of the data. Furthermore, by comparing the results of experiments c and d, it can be observed that the performance of the SC module for feature fusion is superior to that of the CNN-based JAFF fusion module. This improvement is attributed to the transformer-based architecture of the SC module, which can capture global dependencies between frames more effectively.









5. Conclusions


This paper proposes a novel spatiotemporal sensitive network for non-contact heart rate estimation that is robust to complex conditions. First, facial videos are converted into a lighter and more informative spatiotemporal feature map (STmap), and the optimal size of the STmap is determined through experiments. Then, the SS module is proposed to extract and aggregate the information of the STmap in different spatiotemporal dimensions and focuses on physiological signals related to heart rate. Then, the MLSC module generates fusion features of RGB and NIR with different semantic levels. Different specific tasks consider the importance of fusion features at different semantic levels to achieve the optimal weight for the specific task. Ultimately, we utilize both multimodal datasets and single-modal datasets to perform various comparison experiments with the other representative approaches. Furthermore, to evaluate our model more objectively, we set up the SS-Net-RGB model. The experimental results demonstrate that our method is effective for non-contact heart rate estimation in complex environments. The proposed SS-Net is of significance for non-contact measurement in less-constrained conditions.



Nevertheless, although the suggested approach yields satisfactory results, there remain several limitations. First, the proposed SS-Net has a large number of operation parameters, and more efforts need to be made to make the model lightweight in order to be used on mobile terminals. Second, compared with the intra-dataset test, the results of the cross-dataset test are poor, and the generalization of the SS-Net needs to be further improved. In the future, we hope that the above limitations can be solved to obtain a more robust heart rate measurement.
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Figure 1. Overall structure of the proposed SS-Net. 
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Figure 2. The process of converting the original video sequence into spatiotemporal feature maps. 
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Figure 3. The SS (spatiotemporal sensitive) module with an SS block; the left side represents the SS module, and the right side represents the SS block. 
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Figure 4. Structure of the SC Module; the top side represents the RGB modality branch, and the bottom side represents the NIR modality branch. 
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Figure 5. Structure of the Refine module. 
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Figure 6. Overall structure of the proposed SS-Net-RGB. 
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Figure 7. (a) The Bland–Altman plot demonstrating the agreement of the ground truth HRgt and the predicted HRpred for the SS-Net in the VIPL-HR dataset. The lines present the mean and 95% limits of agreement. (b) The scatter plot comparing the ground truth HRgt and the predicted HRpred by the SS-Net in the VIPL-HR dataset. 
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Figure 8. Comparison of PPG signals on four samples taken from VIPL-HR. The blue and red lines represent the ground truth PPG (PPG_gt) and the predicted PPG (PPG_pred) signals, respectively. 
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Figure 9. Comparison of HR estimation on four samples taken from VIPL-HR. The blue and red lines represent the ground truth HR (HR_gt) and the predicted HR values (HR_pred), respectively. 
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Figure 10. (a) The Bland–Altman plot demonstrating the agreement of the ground truth HRgt and the predicted HRpred for the SS-Net in the MR-NIRP dataset. The lines present the mean and 95% limits of agreement. (b) The scatter plot comparing the ground truth HRgt and the predicted HRpred by the SS-Net in the MR-NIRP dataset. 
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Figure 11. (a) The Bland–Altman plot demonstrating the agreement of the ground truth HRgt and the predicted HRpred for the SS-Net-RGB in the UBFC-rPPG dataset. The lines present the mean and 95% limits of agreement. (b) The scatter plot comparing the ground truth HRgt and the predicted HRpred by the SS-Net-RGB in the UBFC-rPPG dataset. 






Figure 11. (a) The Bland–Altman plot demonstrating the agreement of the ground truth HRgt and the predicted HRpred for the SS-Net-RGB in the UBFC-rPPG dataset. The lines present the mean and 95% limits of agreement. (b) The scatter plot comparing the ground truth HRgt and the predicted HRpred by the SS-Net-RGB in the UBFC-rPPG dataset.
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Figure 12. Impacts of (a) various frame numbers of a single feature map and (b) various block numbers of a single feature map. 
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Figure 13. Network architecture with JAFF as the fusion module. The top half of the network includes two branches, each representing a simplified ResNet-34 [42], where the pooling and fully-connected layers at the end of ResNet-34 are removed. 
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Table 1. Estimation of HR on the VIPL-HR dataset by the proposed method and several SOTA methods.






Table 1. Estimation of HR on the VIPL-HR dataset by the proposed method and several SOTA methods.





	Method
	MAE
	RMSE
	MER
	    r    





	CHROM [5]
	11.4
	16.9
	17.8%
	0.28



	POS [6]
	11.5
	17.2
	18.5%
	0.30



	RhythmNet [13]
	5.30
	8.14
	6.71%
	0.76



	Jaiswal et al. [14]
	5.23
	7.21
	-
	0.82



	Wang et al. [18]
	5.09
	10.60
	-
	0.69



	rPPG-MAE [8]
	4.52
	7.49
	-
	0.81



	PhysFormer [17]
	4.97
	7.79
	-
	0.78



	PhysFormer++ [9]
	4.88
	7.62
	-
	0.80



	TranPhys [19]
	4.69
	7.27
	-
	0.82



	MaskFusionNet [10]
	4.37
	6.95
	-
	0.82



	FusionViViT [24]
	11.70
	14.86
	-
	−0.085



	SS-Net-RGB
	3.56
	5.05
	4.48%
	0.95



	SS-Net
	2.86
	4.74
	3.35%
	0.95










 





Table 2. Estimation of HR in the MR-NIRP dataset by the proposed method and several SOTA methods.






Table 2. Estimation of HR in the MR-NIRP dataset by the proposed method and several SOTA methods.





	Method
	MAE
	RMSE
	SD
	    r    





	CHROM [5]
	-
	2.34
	-
	-



	POS [6]
	2.98
	6.54
	-
	0.83



	Kado et al. [21]
	3.38
	6.63
	-
	-



	Kurihara et al. [4]
	2.36
	4.17
	-
	0.69



	PhysNet [12]
	1.32
	1.91
	-
	0.96



	PhysFormer [17]
	1.12
	1.69
	1.26
	0.97



	SS-Net-RGB
	1.89
	2.43
	1.53
	0.97



	SS-Net
	1.23
	1.59
	1.58
	0.98










 





Table 3. Estimation of HR on the UBFC-rPPG dataset by the proposed method and several SOTA methods.






Table 3. Estimation of HR on the UBFC-rPPG dataset by the proposed method and several SOTA methods.





	Method
	MAE
	RMSE
	MER
	    r    





	POS [6]
	8.35
	10.00
	9.85%
	−0.24



	CHROM [5]
	8.20
	9.92
	9.17%
	0.27



	Kurihara et al. [4]
	3.34
	6.46
	-
	0.66



	Wang et al. [18]
	5.06
	10.16
	-
	0.34



	RhythmNet [13]
	3.91
	7.72
	4.06%
	0.93



	Jaiswal et al. [14]
	3.88
	6.23
	-
	-



	PhysNet [12]
	3.00
	10.05
	3.52%
	0.75



	RADIANT [16]
	2.91
	4.52
	-
	-



	SS-Net-RGB
	2.06
	2.86
	3.40%
	0.98










 





Table 4. Cross-dataset HR estimation results (training on VIPL-HR and testing in MR-NIRP) of the SS-Net and several SOTA methods.






Table 4. Cross-dataset HR estimation results (training on VIPL-HR and testing in MR-NIRP) of the SS-Net and several SOTA methods.





	Method
	MAE
	RMSE
	SD





	POS [6]
	2.98
	6.54
	-



	CHROM [5]
	-
	2.24
	-



	PhysFormer [17]
	11.78
	15.9
	10.43



	PhysNet [12]
	11.16
	15.14
	10.23



	Li et al. [20]
	-
	15.35
	-



	SS-Net
	9.11
	11.15
	6.44










 





Table 5. Ablation experiments: performance of our proposed SS module.






Table 5. Ablation experiments: performance of our proposed SS module.





	ID
	Method
	MAE
	RMSE
	SD





	a
	Multi-attention [41]
	3.56
	5.06
	3.58



	b
	SS module w/o SS block
	3.17
	4.96
	3.81



	c
	SS module w/o screener
	3.12
	4.74
	3.57



	d
	SS module w/o detector
	3.02
	4.29
	3.04



	e
	SS module
	2.86
	4.74
	3.77










 





Table 6. Ablation experiments: the performance of our proposed SC module.






Table 6. Ablation experiments: the performance of our proposed SC module.





	ID
	Method
	MAE
	RMSE
	SD





	a
	RGB-only
	3.56
	5.05
	3.58



	b
	NIR-only
	3.78
	5.44
	3.91



	c
	JAFF [35]
	3.52
	5.05
	3.58



	d
	SS-Net
	2.86
	4.73
	3.77
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