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ABSTRACT

Photoplethysmography (PPG) 18 widely used in wearable health
monitoring, but its reliability is often degraded by noise and mo-
ton artifacts, hmiting downstream applications such as heart rate
(HR) estimation. This paper presents a deep learming framework
for PPG denoising with an emphasis on preserving physiological
information. In this framework, we propose DPNet, a Mamba-based
denoising backbone designed for effective temporal modeling. To
further enhance denoising performance, the framework also incor-
porates a scale-invariant signal-to-distortion ratio (S1-SDR) loss to
promote wavelorm fidelity and an auxiliary HR predictor (HRP) that
provides physiological consisiency through HR-based supervision.
Experiments on the BIDMC dataset show that our method achieves
strong robustness against both synthetic noise and real-world motion
artifacts, outperforming conventional filtering and existing neural
models. Our method can effectively restore PPG signals while
maintaining HR accuracy, highlighting the complementary roles of
S1-5DR loss and HR-guided supervision. These results demonstrate
the potential of our approach for practical deployment in wearable
healthcare systems.

Index Terms— Photoplethysmography (PPG), denoising. mo-
tion artifact removal, heart rate estimation. neural network

common strategy is the use of bidirectional long short-term mem-
ory (BLSTM) networks |6]. where stacked BLSTM layers process
noisy PPG segmenits and leverage bidirectional context to recover
the underlying clean signals. However. BLSTMSs suffer from their
recurrent design, which restricts parallelism and results in slow in-
ference. In addition, they have limited capacity to capture long-
range dependencies. Transformer-based models [7] offer an alier-
native, excelling at capturing global temporal context and showing
strong potential for PPG denoising. Yet, their quadratic complexity
with respect to sequence length resulis in substantial computational
cost [8 9. Meanwhile, limited labeled PPG data can make Trans-
formers prone to underfitting, and even well-trained models remain
difficult 1o deploy in real time on resource-constrained wearable de-
vices [10)]. In addition, most existing approaches focus primarily on
waveform reconstruction using poiniwise objective functions (e.g..
L1 or L2), with limited atiention to downstream tasks such as HR
estimation, where subtle distortions may undermine clinical reliabil-
iy.

To address both the modeling inefficiencies and the lack of
physiological awareness in prior works, we introduce a novel deep
learning framework for PPG denoising that builds upon the Mamba
[11] selective state-space model (SSM). Mamba is an emerging
sequence-modeling architecture that maintains linear-time complex-
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1) Mamba
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Figure 2: (Left) The standard version of the Copying task involves constant spacing between input and output elements and is easily
solved by time-invariant models such as linear recurrences and global convolutions. (Right Top) The Selective Copying task has random
spacing in between inputs and requires time-varying models that can selectively remember or ignore inputs depending on their content.

(Right Bottom) The Induction Heads task is an example of associative recall that requires retrieving an answer based on context, a key
ability for LLMs.
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1) Mamba
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Figure 3: (Architecture.) Our simplified block design combines the H3 block, which is the basis of most S5M architectures, with « Zpd sHad
the ubiquitous MLP block of modern neural networks. Instead of interleaving these two blocks, we simply repeat the Mamba block C. =5 Oo (OUtPUt Matrlx) R
homogenously. Compared to the H3 block, Mamba replaces the first multiplicative gate with an activation function. Compared to D. O=I E—‘:! % = |7_|' III* I'IOI "'I'7:" LI'EI'LHE ‘?_—*,'EE“

the MLP block, Mamba adds an 55M to the main branch. For o we use the 5ILU / Swish activation (Hendrycks and Gimpel 2016;
Ramachandran, Zoph, and Quoc V Le 2017).
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2) DPNet (Denoising Photoplethysmography Network) OF7| &l &]
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Fig. 1. Architectures of (a) DPNet, (b) Mamba layer, and (¢) HRP.
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3) DPNet (Denoising Photoplethysmography Network) 4! hn = ihﬂ—l + By, (D
Yn — hn-_. (2}

e Mean Squared Error (MSE): Quantifies the average squared difference between g and d. It is defined as:
N
1 ‘ a2
MSE = = > (gli] — d[i])”, (3)

i=1

e Cosine Similarity (CoS): Reflects how similar the directions of g and d are in a multi-dimensional space:

g-d
lglllld||’

e Signal-to-Noise Ratio improvement (SNRimp): Measures the relative improvement in SNR achieved by the denoised
signal com-pared to the noisy input:

SNR;,p = SNR(d, g) — SNR(n, g). (5)

CoS = (4)

e HR-MAE: Computes the Mean Absolute Error (MAE) of HR between g and d:

HR-MAE = |HR(g) — HR(d)|, (6) 14
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4) DPNet (Denoising Photoplethysmography Network) &8 gt
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Table 1. Quantitative performance companson of different methods on the PPG denoising task.

Method MSE (x10 ™)} CoS 1 SNRimp (dB) 1 HR-MAE }
Noisy 324.029+723.622  0.726+0.272 : 109.4104324.619
BP filters [15] 20531425088  0.82340.144  -0206+4.744  5.168+16.556
BRDAE [6] 19.2294+18.578  0.881+0.126  2.054+3.574 2.896+21.060

FWT-FFNN [16 31.562+36.412
DPNet (The proposed) 6663 1+9.845

Bold represents the best performance.

0.802+0.2357
0.961-+0.069

1.51742.726
8.323+4.789

1151043536174
1.025+4.869

Table 2. Effect of different training loss used to train DPNet.

Loss combinations MSE (x10 %) HR-MAE |
10
Lwmse 7.657 1.979
8- Lyse + Lsispr 7.235 1.856
Lymse + Lsispr + LMAE 6.663 1.025

oo

Bold represents the best performance.

a4

a1

Table 3. Comparison of Temporal Modeling Architectures.

0 Block MSE (x10 3)] HR-MAE |}
-1 =¥ a4 08 TmE {S’étunds’ 1 Lz L4 L&
' Transformer 10.017 4.862
_ _ _ o BLSTM 9.828 1.149
Fig. 2. Denoised PPG signals using different methods. DPNet (BMamba) 6.663 1.025 17

Bold represents the best performance.
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