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Abstract 
Photoplethysmography holds promise for continuous, non-intrusive heart rate monitoring through wearable devices. 
However, motion artifacts can impact the reliability of heart rate estimates. The integration of accelerometer data has 
been proven helpful in mitigating these artifacts. Although several algorithms that combine photoplethysmography 
and accelerometer data for heart rate estimation have been proposed, it remains unclear which performs best. We 
performed a systematic and comprehensive search and evaluation of all relevant published algorithms (N = 126) and 
benchmarked all available open-source methods (N = 11) using the same real-world dataset.  A robust methodological 
framework was employed for assessing these algorithms, featuring a comprehensive set of performance metrics. Out 
of 126 retrieved articles, 11 provided open-source implementations and were included in the benchmarking. We found 
that deep learning algorithms consistently outperformed model-based algorithms and algorithms that did not correct 
for accelerometer data, particularly in dynamic conditions with substantial motion artifacts. The BeliefPPG algorithm 
performed best across all metrics, with an estimation bias of 0.7 ± 0.8 bpm, an estimation variability of 4.4 ± 2.0 bpm, 
and a Spearman's correlation of 0.73 ± 0.14 bpm with the heart rate ground truth. These findings underscore the 
potential of deep learning techniques to enhance the reliability of photoplethysmography-based heart rate monitoring 
through integration with accelerometer data in real-world conditions. This work provides valuable insights into the 
performance of these algorithms and highlights the importance of developing broader, more diverse datasets to 
enhance generalizability in future research. 
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I. Introduction 
Heart rate (HR) monitoring has become an essential component of healthcare and personal well-being, providing valuable 

insights into cardiovascular health and helping to tailor physical activity to the overall fitness status of a subject [1-3]. Traditional 

HR monitors like the Holter electrocardiogram are the gold standard for medical applications. However, they are relatively 

obtrusive because they require multiple adhesive patches attached to the chest. Photoplethysmography (PPG) has emerged 

as a promising solution to overcome these limitations.  

PPG is an optical sensing technique that measures the blood volume pulse based on reflected light intensity [4]. PPG sensors 

may be integrated into wearable devices like smartwatches or finger rings, allowing individuals to conveniently track their HR 

throughout the day without compromising their comfort or mobility. These solutions are well suited for applications related to 

fitness and physical exercise and, in perspective, might prove valuable for the screening and prevention of cardiovascular 

diseases in the general population. A typical PPG sensor comprises a light source, which shines light onto the skin surface, 

and a photodetector, which measures the amount of light reflected. In each cardiac cycle, arterial blood volume increases 

during systole and decreases in diastole, leading to fluctuations in the reflected light reaching the photodetector [5]. Therefore, 

on a given time span, the PPG signal contains a pulsatile component synchronous with each heartbeat, corresponding to the 

average frequency of the cardiac cycles, i.e., the pulse rate. The pulse rate represents the mechanical counterpart of the 

electrophysiological HR measured by the electrocardiogram. The PPG-based HR estimation identifies the pulsatile component 

in the PPG signal and extracts the corresponding pulse rate.  

During real-world monitoring, various types of motion artifacts can distort the measured PPG signal, compromising the reliability 
and accuracy of PPG-based HR monitoring. Motion artifacts are reflected in the PPG time series as large amplitude noise and 
may have a frequency content between 0.1 and 10 Hz [6]. The noise spectrum of motion artifacts overlaps with the spectrum 
of the PPG pulsatile component (between 0.5 and 4 Hz, corresponding to 30 and 240 bpm), making standard filtering 
techniques ineffective. For this reason, most wearable PPG devices include an embedded accelerometer sensor, which 

measures motion-related information that can be utilized to compensate for motion artifacts in the PPG signal (Fig. 1). 



 
Figure 1. Top row: example of a clean photoplethysmography (PPG) signal (a). The pulsatile component clearly stands out as the dominant 
frequency of the PPG amplitude spectrum (b). Bottom row: example of a PPG signal affected by motion artifacts (MA) (c). MA introduces a 
spurious peak in the PPG amplitude spectrum that could be erroneously attributed to heart rate (HR, d). Accounting for accelerometer data 
may allow for MA identification and compensation.  

  
Previous studies have developed a variety of techniques to estimate HR from simultaneous PPG and accelerometer data. 
However, it is not yet clear which one performs best. This study aimed to (i) analyze all published algorithms (N = 126) for 
PPG-based HR estimation that exploit accelerometer data to correct motion artifacts (a comprehensive analysis that has not 
yet been conducted in this specific context) and (ii) benchmark all published open-source algorithms (N = 11) on a real-world 
dataset using a standardized assessment framework (representing the first attempt to compare these methods under uniform 
conditions systematically). Moreover, we evaluated the impact of motion artifacts on algorithm performance by employing a 
previously published algorithm [7] for PPG signal quality evaluation (an approach that has not been explored yet in relation to 
the evaluation of HR estimation algorithms). 
The paper is structured as follows. Section II describes the methodology used to identify all published HR estimation algorithms 
and presents the most common techniques employed. We then focused on open-source algorithms and detailed the 
benchmarking methodology used to evaluate their performance. Section III presents a comparative analysis of algorithms 
based on published data, followed by the results of our benchmarking, which identified the best-performing algorithm. Section 
IV discusses the results, highlighting key findings and the limitations of the study. Finally, Section V summarizes the findings 
and proposes directions for future research. 
 

II. Materials and Methods 
 

A. Systematic search of HR estimation algorithms 
A systematic literature search of PubMed, Scopus, and GitHub was performed with the following search string: 
("photoplethysmogra*" OR "PPG") AND ("heart rate estimation" OR (("noise" OR "artifact*" OR "interference*") AND 
("movement*" OR "motion")). We selected algorithms that satisfied the following criteria, which, to the best of our capacity, 
were sufficient to achieve our aim: (i) publication in a peer-reviewed journal or conference proceeding; (ii) PPG and 
accelerometer data as input; (iii) validation against electrocardiography-derived HR. The database query yielded 961 records 
after duplicate removal. A total of 126 publications met the inclusion criteria. For the benchmark study, out of these 126 
algorithms, we only selected the ones that provided an open-source implementation. We thus selected 11 algorithms (Table 
I). To improve clarity without sacrificing our review’s completeness, we limited references to non-open-source algorithms in the 
main text to the one least recently published and the one most recently published on each specific topic. Readers who want to 
get acquainted with this literature in depth are referred to supplementary tables reporting the full list of references on non-open-
source algorithms. All references on open-source algorithms are included in the main text. 
 

B. Methodologies employed in HR estimation algorithms 
 
A milestone for the research in this field was achieved during the 2015 IEEE Signal Processing Cup (SPC) [21]. Several 
algorithms were proposed to extract corrected HR components from signals affected by motion artifacts and, thus, optimize 
HR monitoring during intensive physical exercise. Another significant advancement was made in 2019 when Reiss and 



colleagues [22] published the first large-scale PPG dataset (PPG-DaLiA), which includes both PPG and accelerometer data 
recorded during a wide range of activities performed under close to real-life conditions. This larger dataset facilitated the advent 
of data-driven HR estimation approaches: since then, several deep learning algorithms have been proposed.  
The HR estimation algorithms take as input a PPG signal and simultaneously recorded three-axis accelerometer data. Both 
signals are typically segmented using a sliding window approach, using a window length of T seconds with a shift of S seconds. 
Most algorithms use a window length of T = 8 s with a shift of S = 2 s, as standardized by the initial work on the IEEE SPC 

dataset [23], providing a mean HR value every 2 seconds. The HR estimation problem consists of estimating the HR  𝑦𝑡 ∈ 𝑅 at 

time t from a time window 𝑋𝑡 ∈ 𝑅𝑁×𝑀, where 𝑁 ∈ 𝑅 is the number of input signals and 𝑀 = 𝑓𝑠 × 𝑇 is the number of time samples. 

For instance, if the data contain a single PPG channel and 3-axis accelerometer data recorded at 64 Hz, 𝑁 =  4 and 𝑀 =  512.     

The predicted HR 𝑦 has been estimated using two primary approaches: classical algorithms and deep learning algorithms. 
Among the 126 publications retrieved, 115 (91%) utilized classical algorithms, while 11 (9%) employed deep learning 
techniques. The key differences between classical and deep learning approaches are presented in Table II. 

Classical algorithms 
Classical algorithms are model-driven, i.e., they rely on assumptions on how the physical system works and typically employ 
standard signal processing techniques. They usually involve the following steps: motion artifact correction, spectrum estimation, 
and spectral peak tracking. 

1)  Motion artifact correction  
Motion artifact correction involves extracting motion-related information from a reference noise signal to attenuate artefactual 
components, ideally producing a motion-free PPG signal. Methods in this category can be categorized into three main groups: 
spectral subtraction, adaptive filtering, and signal decomposition. 
Spectral subtraction is based on the idea that peaks in the accelerometer spectrum correspond to motion artifacts (Fig. 1 and 
Eq. (1)). This method involves deriving a noise reference from the accelerometer's spectrum and subtracting it from the PPG 
spectrum to mitigate movement noise. By denoting the spectrum of the motion-corrupted PPG as 𝑌(𝑘) and the spectrum of the 

noise reference as 𝑁(𝑘), a spectral subtraction scheme can be formalized as follows:  

 
Where |𝑋(𝑘)| represents the spectrum of the noise-free PPG signal, and 𝑘 is the frequency index of the spectral components. 

Common options for the reference signal |𝑁(𝑘)| include the sum of the three accelerometer spectra [24] or the frequency-wise 
maximum of the three accelerometer spectra [25,26]. Despite its simplicity and computational speed, spectral subtraction faces 
limitations whenever spectral peaks corresponding to movement noise are in a very close vicinity or overlap with the spectral 
peak of the PPG corresponding to HR.  Commonly utilized adaptive filters for motion artifact removal include the Least Mean 
Square (LMS) [27,28], Recursive Least Square (RLS) [8,29], or their combination [30,31]. 
These are time-domain filters that adjust their coefficients to minimize the difference (in the least squares sense) between the 
motion-corrupted PPG signal and a reference noise signal. As for spectral subtraction, the reference noise signal is often 
derived from the accelerometer data [10], Gyroscope data was also applied as a motion reference [32], as well as the 
combination between accelerometer and gyroscope [33]. In addition to RLS and LMS filters, other adaptive filters employed 
include the Wiener filter [12,34], the adaptive particle filter [35,36], the adaptive Kalman filter [37,38], and the adaptive notch 
filter [39,40]. 
Signal decomposition methods decompose the noisy signal into several components; then, the components associated with 
motion artifacts are recognized, and the original signal is reconstructed using only the noise-free components. Signal 
decomposition methods used for motion artifact removal in PPG include principal component analysis [13,41], independent 
component analysis [11,42], singular spectrum analysis [23,43], empirical mode decomposition [44,45], variational mode 
decomposition [46,47], and singular value decomposition [48,49]. Signal decomposition can be used as a standalone method 
for removing artifacts, as well as to generate the motion signal to be used as noise reference in spectral subtraction or adaptive 
filtering [28,50]. 
Motion artifact correction techniques with full list of references are reported in Supplementary Table S1. 
 

2) Spectrum estimation 
Spectrum estimation involves computing a high-resolution PPG frequency spectrum. It can be performed before or after motion 
artifact correction, depending on whether the correction happens in the frequency or time domain. Commonly used spectrum 
estimation methods are the Discrete Fourier Transform [51,52] and the periodogram [28,44]. While easy to compute and 
interpret, these methods can suffer from spectral leakage and poor resolution when the signal is short or non-stationary. More 
advanced spectrum estimation methods involve sparse signal reconstruction (SSR) [23,53]. These methods leverage the fact 
that many biological signals, including the ones recorded by PPGs and accelerometers, are sparse in the frequency domain 
(i.e., the useful information is concentrated in a few dominant frequencies). SSR methods offer superior spectral resolution and 
lower estimation variance compared to standard techniques but at the expense of increased computational complexity. Other 
spectrum estimation techniques that have been used are the short-time Fourier transform [54,55], the wavelet transform 
[56,57], the variable frequency complex demodulation [58,59], and the discrete cosine transform [60].  
Spectrum estimation methods with full list of references are reported in Supplementary Table S2. 
 

3) Spectral peak tracking 



The final step of HR estimation algorithms is spectral peak tracking, which involves identifying the spectral peak corresponding 
to HR. This process can be straightforward, involving basic peak detection methods. However, a simple peak detection can 
wrongly track the spectral peak associated with motion artifacts whenever the correction fails. Therefore, more sophisticated 
techniques have been developed to ensure accurate HR peak identification, such as the finite state machine [61,62], hidden 
Markov models [47], and Kalman filter [13,49]. Machine learning-based spectral peak tracking has also been employed, with 
models such as random forest [55,63], neural network [64,65], decision tree [66], and support vector machine [67,68]. 
Spectral peak tracking often includes a post-processing verification stage to assess the robustness of the selected peak, using 
heuristics and decision mechanisms to discard unreasonable HR estimates. This step often relies on many assumptions and 
a considerable number of manually defined parameters that must be precisely tuned [15]. 
Spectral peak tracking methods with full list of references are reported in Supplementary Table S3. 
 

Deep Learning algorithms 
Deep learning (DL) algorithms use a data-driven approach, i.e., they do not need any a priori knowledge about the meaningful 
characteristics of the signals for the given tasks, as they are automatically learned from the data instead. From this perspective, 
HR estimation can be considered a supervised non-linear regression task, where the ground truth HR 𝑦 complements each 

input 𝑋. By indicating with 𝑊 the total number of windows of all subjects, the overall dataset D can be written as: 

D = {(X(1), 𝑦(1)), … , (X(i), 𝑦(i)), … , (X(W), 𝑦(W))}        (2) 

The problem at hand is to train a model so that it learns from a training set Dtrain ⊂ D, to predict the correct HR from previously 

unseen windows. Specifically, the objective is to optimize a parametric regressor 𝑓(𝑋(𝑖); 𝜃): 𝑅𝑁×𝑀 → 𝑅, parametrized in its 

trainable parameters 𝜃, which takes the window X(i) as input and produces the predicted HR 𝑦(i)̂ as output, i.e., 𝑦(𝑖)̂ = 𝑓(𝑋(𝑖); θ). 

This optimization consists of finding the optimal 𝜃 that minimizes a loss function 𝐽(𝜃) between the model prediction and the 

ground truth, i.e., θ∗ = 𝑎𝑟𝑔𝑚𝑖𝑛θ 𝑗(θ). Afterward, once the model is trained, it is tested on a separate test set (inference stage).  
Various deep learning-based approaches have been proposed to estimate HR from motion-corrupted PPG data. These 
methods work either with the raw (or minimally preprocessed) PPG and accelerometer data in the time domain [16,17,69-74], 
in the frequency domain [75-77], or both in the time and frequency domain [18,22]. While most approaches frame HR estimation 
as a regression task, some have also reformulated it into a classification problem, where HR values are discretized into several 
bins [18,77].  
 

C. Identification of open-source algorithms for HR estimation 
In the benchmarking study, we included all retrieved algorithms with an open-source implementation (N = 11/126). Additionally, 
we included two HR estimation algorithms, i.e., MSPTD (Multi-Scale Peak & Trough Detection) [19] and qppg (Adapted Onset 
Detector) [20] (Table I), that do not correct motion artifacts. These two algorithms were recently benchmarked on the PPG-
DaLiA dataset and were found to be superior to other published algorithms of their kind [78]. By including these algorithms in 
the comparison, we aimed to estimate the actual benefit of using accelerometer data for PPG motion correction. 
 

D. Benchmark dataset 
We employed the PPG-DaLiA dataset [22] consisting of 15 healthy subjects (8 females) aged 21-55 years. Participants wore 
a chest strap device (Respiban Professional, BiosignalsPLUX) for continuous electrocardiogram measurement at 700 Hz, from 
which the ground truth HR was extracted. In addition, the Empatica E4 device (Empatica Inc., Cambridge, MA, USA) was worn 
on the non-dominant wrist, and PPG and accelerometer data were acquired at 64 Hz and 32 Hz, respectively. The E4' s 
accelerometer has a range of ±2 g and a resolution of 8 bits. The data acquisition lasted, on average, 2.4 hours per subject, 
for a total of 36 hours of data. The data collection protocol included eight activities (sitting, ascending and descending stairs, 
playing table soccer, outdoor cycling, driving a car, being on lunch break, walking, and working) typically performed in daily life 
and the transition periods between them.  

E. Data quality analysis 
An automatic signal quality assessment algorithm was employed to objectively assess motion artifacts in the PPG-DaLiA 
dataset. This algorithm leverages information from PPG pulse and accelerometer features and was developed to label single 
PPG pulse waves as reliable for HR estimation. The algorithm was validated in a previous study [7] on real-world wrist PPG 
data from 31 subjects over 24 hours. It identified low-quality pulse waves with 95% and 96% sensitivity and specificity, 
respectively. Since the benchmarked HR estimation algorithms were reimplemented to operate on a window-based approach, 
the pulse wave quality evaluation was extended to each window based on a majority voting of pulse wave quality. Specifically, 
if more than half of the pulse waves within a window were classified as unreliable, then the overall window was classified as 
such.  
 

F. Adaptation of HR estimation algorithms 
Since this study aimed at establishing the performance of already validated algorithms, algorithm modifications were made 
only when necessary. The most substantial changes regarded algorithms developed on the IEEE SP dataset and mainly 
concerned the sampling frequencies of the PPG and accelerometer signals and the number of PPG channels. 



In the IEEE SP dataset, PPG and accelerometer signals were sampled at 125 Hz, while in the PPG-DaLiA dataset, these data 
were sampled at 64 Hz and 32 Hz, respectively. Since all algorithms require PPG and accelerometer data to have the same 
sampling frequency, accelerometer data was up-sampled from 32 to 64 Hz by interpolating each pair of consecutive data points 
with their average value. The algorithm parameters dependent on the sampling rate (such as the number of FFT points and 
filter specifications) were modified accordingly.  
Moreover, these algorithms were adapted to work with only one PPG channel, as provided in the PPG-DaLiA dataset, as 
opposed to two channels of PPG data, as in the IEEE SPC dataset. The MSPTD and qppg algorithms with no correction for 
motion artifacts were adapted to work on a window base by averaging the inter-beat intervals (time distance between 
successive beats) over each 8-second time window. 

G. Assessment framework 
The output of the algorithms yielded an HR estimate 𝑦s,ĵ for each subject 𝑠 = 1, … , 𝑁𝑠𝑢𝑏 and for each activity 𝑗 = 1, … , 𝑁𝑎𝑐𝑡. The 

accuracy of PPG-derived HR was assessed by comparison with HR measured with electrocardiography, 𝑦𝑠,𝑗 , which was 

considered the ground truth. If we call 𝑊𝑠,𝑗 the total number of time windows (duration T = 8 s and step S = 2 s) of subject 𝑠 

during activity 𝑗, we can compute the error distribution 𝐸𝑠,𝑗 for subject 𝑠 and activity 𝑗 as 

𝐸𝑠,𝑗 = {𝑦𝑠,𝑗
  (1)̂

− 𝑦𝑠,𝑗
  (1)

, … , 𝑦𝑠,𝑗
  (𝑖)̂

− 𝑦𝑠,𝑗
  (𝑖)

, … , 𝑦𝑠,𝑗

  (𝑊𝑠,𝑗)̂
− 𝑦𝑠,𝑗

  (𝑊𝑠,𝑗)
}        (3) 

Starting from the error distributions, we calculated the median and interquartile range (IQR) of 𝐸𝑠,𝑗 and the Spearman's 

correlation coefficient between 𝑦s,ĵ and 𝑦𝑠,𝑗 (Fig. 2).  

 

 
Figure 2. Visual representation of the performance evaluation metrics of one algorithm applied to subject 3 during the lunch break activity. (a) 
Error distribution and associated median and interquartile range (IQR). The median quantifies whether the algorithm is biased towards 
underestimating (negative median error) or overestimating (positive median error) heart rate (HR), while the IQR quantifies HR prediction 
variability. (b) Scatterplot of the estimated HR vs the true HR. Spearman's rho was used to evaluate a possible monotonic relationship between 
them. 

 
 
By focusing on the median value of 𝐸𝑠,𝑗 instead of the mean absolute error, we aimed to distinguish between underestimation 

and overestimation of HR by the different algorithms, limiting the effect of potential outliers in the distribution. By computing the 
interquartile range of 𝐸𝑠,𝑗, we aimed to quantify the statistical dispersion of the error of HR prediction. The higher the IQR, the 

wider the range of the difference between predicted and actual HR values, and the more unpredictable the algorithm estimate 
is.  
By computing the Spearman's correlation coefficient between 𝑦s,ĵ and 𝑦𝑠,𝑗, we aimed to assess the monotonic relationship 

between estimated and actual HR values with no assumption on the normality of 𝐸𝑠,𝑗. 

We utilized the previously described assessment framework to generate three performance metrics for each subject and 
activity. By indicating as 𝑀𝑠,𝑗 a generic performance metric, we compared algorithm performance across different levels: 

 Subject-level comparison: we obtained a summary metric 𝑀𝑠 for each subject 𝑠 by averaging 𝑀𝑠,𝑗 across activities: 



𝑀𝑠 =
1

𝑁𝑎𝑐𝑡
∑ 𝑀𝑠,𝑗

𝑁𝑎𝑐𝑡

𝑗=1

,    𝑠 =  1, 2, . . . , 𝑁𝑠𝑢𝑏        (4)  

 Activity-level comparison: we obtained a summary metric 𝑀𝑗 for each activity 𝑗 by averaging 𝑀𝑠,𝑗 across subjects: 

𝑀𝑗 =
1

𝑁𝑠𝑢𝑏
∑ 𝑀𝑠,𝑗

𝑁𝑠𝑢𝑏

𝑠=1

,    𝑗 =  1, 2, . . . , 𝑁𝑎𝑐𝑡          (5) 

 Comparison based on the PPG quality: based on the data quality analysis, each PPG window was complemented by 
a quality label, either "high quality" or "low quality". We derived 𝑀𝑠,𝑗−𝐻𝐼𝐺𝐻 and 𝑀𝑠,𝑗−𝐿𝑂𝑊, corresponding to high-quality 

and low-quality windows, respectively. 𝑀𝑠,𝑗−𝐻𝐼𝐺𝐻 and 𝑀𝑠,𝑗−𝐿𝑂𝑊 were then averaged across subjects and activities to 

obtain 𝑀𝐻𝐼𝐺𝐻 and 𝑀𝐿𝑂𝑊: 

𝑀𝐻𝐼𝐺𝐻 =
1

𝑁𝑠𝑢𝑏 ×  𝑁𝑎𝑐𝑡
∑ ∑ 𝑀𝑠,𝑗−𝐻𝐼𝐺𝐻

𝑁𝑎𝑐𝑡

𝑗=1

𝑁𝑠𝑢𝑏

𝑠=1

        (6) 

𝑀𝐿𝑂𝑊 =
1

𝑁𝑠𝑢𝑏  × 𝑁𝑎𝑐𝑡
∑ ∑ 𝑀𝑠,𝑗−𝐿𝑂𝑊

𝑁𝑎𝑐𝑡

𝑗=1

𝑁𝑠𝑢𝑏

𝑠=1

          (7) 

All analyses were performed using Python version 3.11. 
 

III. Results 
 

A. Algorithms comparison based on published data 
A total of six publicly available datasets were employed to assess HR estimation algorithms (Table III). Among these, the   PPG-
DaliA dataset stands out as it is the largest one and was acquired in a naturalistic environment. In contrast, the others included 
shorter recording durations collected in controlled laboratory settings. 
A substantial fraction of algorithms (75/126, 60%) was validated using only the IEEE SPC train and test datasets, which are 
relatively small and fail to capture the complexity of real-world PPG data. 

Figure 3 shows that classical algorithms outperform deep learning algorithms on the IEEE SPC datasets but perform worse on 
the more complex PPG-DaLiA dataset. Moreover, most classical algorithms reported results without cross-validating the hand-
tuned parameters. It is unclear, however, whether the parameter tuning was performed independently of the test data (external 
validation) or the parameters were adjusted specifically for each dataset. Most studies did not provide sufficient details on how 
the hand-tuned parameters were selected, making it difficult to determine whether the reported performance is generalizable 
to unseen data. The best-performing deep learning algorithm on PPG-DaLiA (DeepPulse, [17]) reported the error on the training 
set. Hence, its performance is not comparable to that of the other deep learning algorithms that were all evaluated using the 
leave-one-subject-out cross-validation. 

Figure 3. Algorithms comparison based on the mean absolute error (MAE) 

reported by the original publications. LOSO: leave-one-subject-out cross-

validation 



Furthermore, the algorithm comparison shown in Fig. 3 is based on the mean absolute error (MAE), the most reported metric 
in the studies. The published MAE of the eleven open-source algorithms is reported in Table S4, to allow for direct comparison 
with the data in Fig. 3. While widely reported, MAE does not fully characterize algorithm performance: it does not provide 
information about whether the algorithm overestimates or underestimates HR, the statistical dispersion of the error in HR 
prediction, and the monotonic relationship between estimated and actual HR. Additionally, the published results do not clarify 
the influence of PPG data quality on algorithm performance and do not address whether the proposed algorithms are more 
effective than simpler models that do not correct for accelerometer data. We attempted to address these issues by 
benchmarking open-source algorithms, as reported in the next section. 
 
 

B. Benchmarking of open-source algorithms 

Algorithms comparison by subject 
Figure 4 illustrates subject-level comparisons of algorithm performance. Deep learning algorithms (BeliefPPG, DeepPulse, 
MHConvLSTM) consistently outperformed classical algorithms, showing lower estimation bias, lower prediction variability, 
higher Spearman's correlation with HR ground truth, and lower between-subject variability. Classical algorithms also tended to 
underestimate HR, except for IMAT, which tended to overestimate HR.  
Considering all algorithms that correct for motion artifacts, the deep learning BeliefPPG algorithm had the smallest estimation 
bias (estimation bias of 0.7 ± 0.8 bpm, with absolute median error below 2.2 bpm for all subjects), the least error variability (4.4 
± 2.0 bpm, below 8.8 bpm for all subjects), and the highest Spearman's correlation with the ground truth HR (0.73 ± 0.14 bpm, 
above 0.49 for all subjects), along with the lowest between-subject variability across the metrics. Both DeepPulse and 
MHConvLSTM showed a few outlier subjects with higher estimation bias and variability. SPECMAR and WFPV+VD performed 
best among classical algorithms according to the considered metrics. Considering the algorithms that do not correct motion 
artifacts, qppg performed better than MSPTD in terms of median error, while the two performed comparably based on the IQR 
of the error and Spearman's correlation. Strikingly, in terms of median error, the qppg algorithm performed similarly to deep 
learning algorithms and was better than classical algorithms. The qppg and MSPTD algorithms also performed similarly to 



classical algorithms in terms of error IQR and Spearman's correlation with the HR ground truth but were outperformed by deep 
learning algorithms based on these metrics. 

Algorithms comparison by activity 
Figure 5 reports the results achieved across activities for the two best-performing classical algorithms, the deep learning 
algorithms, and algorithms not correcting for motion artifacts. As expected, algorithms showed higher performances for static 
activities such as sitting, working, and driving. Lower performance was observed in activities associated with more substantial 
motion artifacts, such as walking, table soccer, and stairs. BeliefPPG performed best, as it was unbiased for every activity, had 
a prediction variability among the lowest for every activity, and a Spearman's correlation between the estimate and the ground 
truth among the highest for every activity. WFPV+VD and SPECMAR performed well for static activities, comparable to deep 
learning algorithms in terms of estimation bias. Instead, they performed poorly for non-static activities, showing absolute median 
errors above 10 bpm and IQR of the error above 14 bpm for walking, stairs, cycling, and table soccer. 
 

Algorithms comparison in high- vs. low-quality PPG windows 
The performance of classical algorithms was substantially worse in windows with low-quality PPG signals than in those with 
high-quality PPG signals (Fig. 6), showing low robustness to motion artifact corruption of the PPG signal. In high-quality vs. 
low-quality PPG windows analyzed with classical algorithms, estimation biases were subjected to an average increase of 7.7 
bpm, estimation variability suffered an average increase of 21 bpm, and Spearman's correlation showed an average decrease 
of 0.30. Even though deep learning algorithms performed comparably with each other on high-quality PPG windows, BeliefPPG 
performed considerably better than DeepPulse and MHConvLSTM on low-quality PPG windows, showing high robustness to 
motion artifacts. For BeliefPPG, HR estimation bias, HR estimation variability, and Spearman's correlation with HR ground truth 
in high-quality windows were 1.1 ± 0.3 bpm, 2.5 ± 0.6 bpm, and 0.95 ± 0.03, respectively. Corresponding values in low-quality 
windows were (1.1 ± 0.3 bpm vs 1.0 ± 0.7 bpm, 4.7 ± 1.4 bpm, and 0.89 ± 0.07, respectively. 

Figure 4. Algorithms performance based on a subject level in terms of median values of the error distribution (a), interquartile ranges of the error 

distribution (b), and Spearman's correlation between HR estimates and ground truth (c). Boxes correspond to interquartile ranges over subjects, whiskers 

indicate minimum and maximum non-outlier values among subjects, and points indicate outlier values among subjects. The green triangles indicate the 

mean across subjects. 

Figure 5. Algorithms performance for each activity in terms of median values of the error distribution (a), interquartile ranges of the error distribution 
(b), and Spearman’s correlation between HR estimates and ground truth (c). Results are reported for the two best performing classical algorithms 

(WFPV+VD, SPECMAR), deep learning algorithms (MHConvLSTM, DeepPulse, BeliefPPG) and beat detectors (qppg, MSPTD). 



 

IV. DISCUSSION 
To the best of our knowledge, this study is the first to systematically search, retrieve, evaluate, and benchmark HR estimation 
algorithms specifically applied to PPG and accelerometer data. We retrieved information on 126 published algorithms classified 
as classical and deep learning algorithms, and found heterogeneity in how previous studies validated and tested the 
performance of the algorithms (Fig. 2). Therefore, we benchmarked all available open-source algorithms on a common dataset 
to ensure a comprehensive comparison and understanding of algorithms effectiveness on real-world PPG data.  
 
The open-source algorithms that underwent benchmarking represent a range of approaches proposed in the literature, 
including classical signal processing techniques such as adaptive filtering, signal decomposition, spectral subtraction, and deep 
learning methods. Algorithms were evaluated using a comprehensive set of three metrics that assess bias, variability in the HR 
predictions, and correlation with the HR ground truth.  
 
Overall, deep learning algorithms outperformed classical algorithms for every subject and every activity, affirming their 
superiority for window-based HR estimation from PPG and accelerometer data. BeliefPPG and DeepPulse stood out as the 
best-performing algorithms, with BeliefPPG performing similarly to or better than DeepPulse, depending on the considered 
metric. BeliefPPG showed the best performance especially during dynamic activities involving high levels of motion artifacts, 
as confirmed by its preserved performance on low-quality PPG windows and its better performance compared to algorithms 
that do not correct for motion artifacts.  
 
BeliefPPG's superior performance over other deep learning models may stem from its unique approach of modeling HR 
sequences as a discrete-time stochastic process via a hidden Markov model, which enhances temporal continuity effectively 
by leveraging past HR data. Additionally, BeliefPPG’s dual input representation, incorporating both time and time-frequency 
representations, provides a more comprehensive view of the PPG signal and the motion artifacts, allowing the model to learn 
relevant features that may be exclusive to one domain. Furthermore, the model’s compact architecture, with only one-seventh 
of the trainable parameters of DeepPulse and MHConv-LSTM, may also reduce overfitting and enhance generalization, 
especially on smaller datasets. 
 
A secondary objective of our benchmarking was to evaluate the usefulness of accelerometer data for HR estimation from 
motion-corrupted PPG. Classical algorithms performed comparably with or were outperformed by algorithms that did not correct 
motion artifacts, suggesting that model-based use of accelerometer data by classical algorithms fails to correct motion artifacts 
in the PPG signal. Classical algorithms try to model the relationship between the motion noise in the PPG and the triaxial 
acceleration. While this approach proved effective in controlled scenarios with predictable arm movements, such as walking or 
running on a treadmill, motion artifact complexity may increase significantly during irregular arm movements typical of everyday 
activities. Conversely, deep learning algorithms do not actually perform a dedicated motion correction step. Instead, they extract 
and merge PPG and accelerometer features, creating a high-level data representation from which the HR estimation is made. 
This approach offers the advantage of not depending on any a priori problem model, resulting in enhanced generalization 
capabilities. 

Figure 6. Algorithm performance in high quality vs. low-quality PPG windows in terms of median values of the error distribution (a), interquartile ranges 

of the error distribution (b), and Spearman's correlation between HR estimates and ground truth (c). Boxes correspond to interquartile ranges over subjects, 

whiskers indicate minimum and maximum non-outlier values among subjects, and points indicate outlier values among subjects. The green triangles 
indicate the mean across subjects. Results are reported for the two best performing classical algorithms (WFPV+VD, SPECMAR), deep learning algorithms 

(MHConvLSTM, DeepPulse, BeliefPPG) and beat detectors (qppg, MSPTD). 



 
Recent research has brought attention to the limitations of accelerometer data in correcting for motion artifacts [81]. Indeed, 
motion artifacts can arise from micro-motions like finger tapping or fist movements, which accelerometers cannot detect 
because they do not involve wrist movements. Interestingly, infrared PPG has shown promise as a motion reference during 
these micro-motions [81]. Including both infrared PPG and accelerometer in deep learning models could further improve their 
accuracy by leveraging a more comprehensive set of motion artifact-related information. 
 
Based on our results, we recommend that researchers developing HR estimation algorithms use open-source implementations 
and evaluate their models with a comprehensive set of metrics, like those proposed in this paper, to ensure robust performance 
assessment. Our findings show that algorithm performance can vary depending on the type of activity performed. Therefore, 
researchers interested in having algorithms for specific use cases (e.g., HR estimation during walking) could consider training 
deep learning models exclusively on PPG and accelerometer data collected during the targeted activity. Additionally, for use 
cases that require personalization, such as individualized health monitoring, moving towards subject-specific models would 
further improve performance by tailoring algorithms to individual users. Based on the currently available data and the present 
results, we recommend selecting BeliefPPG for HR estimation from noisy PPG data for more general-purpose applications. 
 
Moreover, by applying a signal quality algorithm, we proved that, despite the detrimental effect of motion artifacts on PPG 
signal quality during daily life activities, HR can still be effectively estimated with adequate algorithms. This result suggests a 
potential reconsideration of the common practice of discarding noisy PPG data portions, allowing the preservation of valuable 
HR information from seemingly noisy PPG data segments. 
 
Even though deep learning algorithms were proven effective, they sometimes failed in non-generalizable situations, where they 
may exhibit high errors without a clear explanation due to the model complexity. This limitation underscores the challenges 
associated with their application. Future developments of deep learning models might improve performance through 
personalization, as seen in other recent wearable applications [82, 83].  
 
A limitation of our benchmarking work is that it was focused on open-source HR estimation algorithms. This choice might 
exclude potentially more accurate proprietary algorithms. On the other hand, open-source algorithms are key to promoting the 
reproducibility of research because details of proprietary algorithms may be modified without notice, and administrative and 
funding issues may restrict their availability to the scientific community.  
 
Additionally, most algorithms were evaluated using a fixed window length (8 s) and shift (2 s), as established in the original 
IEEE SPC dataset and commonly adopted in subsequent studies. While this standardization ensures comparability, it also 
limits the exploration of alternative window configurations, which may influence algorithm performance. 
 
We acknowledge that the PPG-DaLiA dataset is relatively small, as it contains data from only 15 young adult healthy subjects 
of both genders. While it serves as a starting point, it might not fully represent the diversity of activities that can be performed 
in a real-world context and the physiological conditions of the general population. The LOSO cross-validation is a robust 
validation scheme, but further cross-dataset validation of deep learning algorithms using external real-world data in different 
cohorts would provide a more comprehensive and generalizable evaluation of their performance.  Future studies utilizing deep 
learning algorithms trained on the dataset considered in this study should carefully take into account the technical 
characteristics of the sensors used (e.g., sampling frequency, sensitivity, measurement range) to avoid introducing biases into 
the algorithms.  
 
Care should be exercised in extrapolating our results to children, older adults, and patients with neurological or cardiovascular 
diseases, which were not represented in the PPG-DaLiA dataset. In mitigation, the PPG-DaLiA dataset is the only public PPG 
and accelerometer dataset gathered in real-life conditions to date.  
 

V. CONCLUSION 
We identified algorithms that can estimate HR from motion-corrupted PPG data during daily living activities. The comparative 
analysis revealed the remarkable performance of deep learning algorithms in estimating HR compared to classical algorithms. 
Our findings highlight the potential of deep learning techniques in enhancing the reliability of PPG-based HR monitoring under 
real-world conditions while acknowledging areas for improvement and the need for broader datasets in future research.  
The main limitations of our study are its emphasis on open-source algorithms and the relatively small size of the PPG-DaLiA 
dataset. Acquiring new, larger datasets is crucial to advancing the field. Future work should focus on expanding data collection 
to include more diverse populations, such as children, older adults, and patients with neurological or cardiovascular diseases, 
who are not represented in the PPG-DaLiA dataset. Subjects with obesity or darker skin tones should also be included to 
reduce the risk of validation bias disadvantaging minority groups. Multi-center international collaborations in the context of open 
science could help create datasets that cover a broader range of real-world conditions and demographic profiles, addressing 
the limitations of the current study.  
 



In the future, accurate and continuous HR measures obtained in real-world settings with motion artifact correction of PPG 
signals could be integrated with further digital outcomes related to mobility and physical activity obtained from inertial sensors. 
This approach holds promise for unveiling novel multimodal biomarkers, contributing to a deeper understanding of physiological 
responses in daily life, and potentially advancing personalized health monitoring strategies. 
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Tables with captions 

 

Classical Algorithms  

Name  Preprocessing MA removal 
Spectrum 
estimation 

Spectral peak tracking Dataset Language Reference 

IMAT (2015) 
PPG is band-pass 

filtered between 0.4 
Hz and 4 Hz  

Cascade of 100 LMS 
adaptive filters. The 
noise references are 
extracted from the  
accelerometer data 

using SVD 

IMAT 
Peak selection and 
verification using 

auxiliary heuristics 

IEEE 
SPC 

MATLAB  [8] 

HeartBEAT 
(2016) 

PPG is band-pass 
filtered between 0.67 

Hz and 4 Hz.  

Cascade of three RLS 
adaptive filters, each 

using a different 
accelerometer signal as 

a noise reference  

Periodogram, with 
a frequency 
resolution of 
0.00125 Hz  

Peak selection and 
verification using 

auxiliary heuristics 

IEEE 
SPC 

MATLAB  [9] 

MURAD 
(2016) 

PPG and 
accelerometer are 
smoothed using a 

Savitzky–Golay filter 

Parallel of 4 RLS 
adaptive filters using as 
a noise reference the 
three accelerometer 

signals and the 
difference between the 

two PPG channels 

Periodogram, with 
a frequency 
resolution of 
0.0134 Hz  

Peak selection and 
verification using 

auxiliary heuristics 

IEEE 
SPC 

MATLAB [10] 

HEAL-T 
(2016)  

_ 

ICA followed by RLS 
adaptive filtering with 

the acceleration 
magnitude as a noise 

reference   

Periodogram with a 
frequency 

resolution of 
0.0015 Hz 

Peak selection, peak 
verification  using 

auxiliary heuristics and 
bandwidth adjustment 

IEEE 
SPC 

MATLAB  [11] 

WFPV+VD 
(2017) 

PPG and 
accelerometer are  
band-pass filtered 

between 1 and 4 Hz 
and normalized to 

zero mean and unit 
variance 

Wiener filtering using 
the average between 

the three accelerometer 
signals as a noise 

reference  

DFT with a 
frequency 

resolution of 
0.0244 Hz and 
phase vocoder 

Peak selection 
followed by a post-

processing step using 
Viterbi decoding 

IEEE 
SPC 

MATLAB  [12] 

Table I. Overview of the open-source algorithms that underwent benchmarking. RLS: Recursive Least Squares. LMS: Least Mean Squares. DFT: 

Discrete Fourier Transform. SVD: Singular Value Decomposition. PCA: Principal Component Analysis. IMAT: Iterative Method with Adaptive 

Thresholding. ICA: Independent Component Analysis. 

 



SD+KS 
(2018)  

_ 
Signal subspace 

decomposition method 
using  SVD and PCA 

DFT with a 
frequency 

resolution of 
0.0015 Hz 

Peak selection and 
refinement using a 

dynamic model of HR 
variation and Kalman 

filtering 

IEEE 
SPC 

MATLAB  [13] 

CPC (2018)  

PPG and 
accelerometer are 
band-pass filtered 

between 0.4 Hz and 
3.5 Hz 

Parallel combination of 
an RLS and an LMS 

adaptive filtering block. 
Each block consists of a 

cascade of three 
RLS/LMS filters, each 

using a different 
accelerometer signal as 

a noise reference 

DFT with a 
frequency 

resolution of 0.016 
Hz 

Peak selection and 
verification using 

auxiliary heuristics 

IEEE 
SPC 

MATLAB [14] 

SPECMAR 
(2018)  

PPG and 
accelerometer are 
band-pass filtered 

between 0.4 Hz and 
3.5 Hz 

Spectral subtraction 
using as noise 

reference a combination 
of the spectra of the 
three accelerometer 

signals 

DFT with a 
frequency 

resolution of 0.016 
Hz 

Peak selection and 
verification using 

auxiliary heuristics 

IEEE 
SPC 

MATLAB  [15] 

Deep Learning Algorithms 

Name  Preprocessing Description Dataset Language 
  

MHConvLSTM 
(2021) 

PPG and 
accelerometer  are 
normalized to zero 

mean and unit 
variance 

Simultaneous time windows of PPG and accelerometer data are fed 
into a deep neural network composed of two parallel blocks, each 

composed of convolutional and recurrent layers. Each block 
independently extracts level features from the input, which are then 

merged and further processed by a fully connected layer. 

PPG-
DaLiA 

Python  [16] 

DeepPulse 
(2022) 

PPG and 
accelerometer are 
band-pass filtered 

between 0.4 and 4.5 
Hz and normalized to 
zero mean and unit 

variance 

Simultaneous time windows of PPG and accelerometer data are fed 
into two parallel convolutional blocks, independently extracting features 

from each sensor modality. Sensor-specific features arethen merged 
and fed to a series of convolutional and recurrent layers. 

IEEE 
SPC, 
PPG-

DaLiA, 
BAMI-II 

Python  [17] 

BeliefPPG 
(2023) 

PPG and 
accelerometer are 
band-pass filtered 

between 0.1 and 18 
Hz and normalized to 
zero mean and unit 

variance 

The time and the time-frequency representations of PPG and 
accelerometer signals are joined with a dual, U-Net-based neural 

network, producing discrete probability distributions over HR intervals. 
These distributions are contextualized through belief propagation over 

time, allowing online inference of expected heart rate. 

IEEE 
SPC, 
PPG-

DaLiA, 
BAMI-II, 
BIDMC, 
CLAS 

Python  [18] 

Algorithms that do not correct for motion artifacts 

Name  Description Language 
  

MSPTD 
(2018) 

Detects peaks and troughs in the PPG signal by utilizing the local maxima scalogram without relying on 
specific assumptions about the pulse wave characteristics.  

MATLAB [19] 



qppg  
(2018) 

Detects the systolic upslopes of the PPG signal using adaptive thresholding, relying on the expected pulse 
wave characteristics. 

MATLAB [20] 

 
 
 

Table II. Key differences between classical and deep learning heart rate (HR) estimation algorithms. 

 Classical Algorithms Deep Learning Algorithms 

Approach 
Model-driven (based on assumptions about 
the physical system). 

Data-driven (learned from 
data, without a priori 
knowledge). 

Input data 
Preprocessed PPG and accelerometer 
data. 

Raw or minimally 
preprocessed PPG and 
accelerometer data. 

Motion artifact 
correction 

Techniques include spectral subtraction, 
adaptive filtering (e.g., LMS, RLS), and 
signal decomposition (e.g., PCA, ICA). 

Handled implicitly during 
training through model 
learning. 

Feature 
extraction 

Signal processing steps (e.g., spectrum 
estimation, peak tracking) are manually 
defined and tuned. 

Features are learned 
automatically from the data. 

Output 
HR estimation based on spectral peak 
detection and correction. 

HR regression. 

Post-processing 
Involves heuristics and manually tuned 
parameters to verify HR estimates, 

No post-processing is involved. 

Flexibility 
Requires manual adjustment for different 
data types and activities. 

Generalizable to new tasks 
and conditions with appropriate 
data. 

 
 
 
 

Table III. Overview of the publicly available datasets used to assess HR estimation algorithms. 
 

Dataset Subjects Type of activity Settings 
Recording 
duration 

PPG 
location 

PPG channels 

IEEE SPC Train [21] 
12 healthy subjects aged 18–35 

years 
running lab 5 minutes wrist 2, green 

IEEE SPC Test [21] 
8 healthy subjects aged 19-58 

years 
arm movements lab 5 minutes wrist 2, green 

PPG-DaLiA [22] 
15 healthy subjects aged 21-55 

years 
real-world activities real-world 103 minutes wrist 

1, mix of red 
and green 

WESAD [79]  
15 healthy subjects aged 27.5 ± 

2.4 years 
sitting, standing, Trier social 

stress test, meditation 
lab 42 minutes wrist 

1, mix of red 
and green 

BAMI1 [32] 
24 healthy subjects aged 26.9 ± 

4.8 years  
walking and running at 

different speeds 
lab 14 minutes wrist 3, green 

BAMI2 [80] 
23 healthy subjects aged 22.0 ± 

1.7 years  
walking and running at 

different speeds 
lab 12  minutes wrist 3, green 
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