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Abstract. This work details the implementation of an accelerometry-based
heart-rate estimation system optimized for the ESP32-S3 microcontroller. It
leverages PIE-based Single Instruction, Multiple Data (SIMD) extensions via
ESP-DSP library to accelerate the pre-processing, training and inference of a
continual-learning model. Under a modular FreeRTOS architecture, the system
achieved 4.99 µs training latency, requiring less than 1 kB of RAM for the ML
model itself. Results show a 30.6% computational performance gain and 8%
energy consumption reduction with acceleration enabled. These efficiencies al-
low race-to-sleep strategies that extend the estimated battery life to 51 days on
COTS hardware.

1. Introduction
In recent years, there has been a significant increase in the demand for wearable devices,
with an expected annual growth rate of 55% until 2029. It is estimated that 80% of global
consumers use this type of device for health monitoring [Del-Valle-Soto et al. 2024].
Among the various features offered, heart-rate (HR) monitoring stands out as one of the
most relevant vital metrics, serving as the basis for calculating caloric expenditure, sleep
quality and intensity levels in physical exercise [Ogata et al. 2024].

Traditionally, HR estimation in these devices is performed through photoplethys-
mography (PPG), which measures variations in blood volume using LEDs and photodi-
odes [Allen 2007]. However, this technique suffers from limitations, such as sensitivity to
Motion Artifacts (MA), a type of noise derived from movements. During intense physical
activities, the signal often becomes unstable, which compromises the accuracy of the data
provided to the user [Shin and Cho 2019].

As an alternative to PPG, accelerometry-based models can help to mitigate im-
pacts of MA and, in addition, can estimate HR with energy costs up to 5000 times lower
than PPG [Elsts et al. 2018], though they face the challenge of extracting patterns from
noisy signals without a direct blood volume reference. In this context, the emergence
of AI-optimized microcontrollers allows complex mathematical models to be executed
locally. This edge computing capability enables modular architectures that achieve a sus-
tainable balance between high-performance signal processing and energy efficiency.
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While these models are often validated on high-performance mobile architectures,
proprietary commercial hardware, or general-purpose ARM-based microcontrollers, this
work differs by presenting the implementation and analysis of an adaptation of the Per-
sonalized Exponential Model (PEM) [Pacheco et al. 2023a] tailored for a low-cost com-
mercial off-the-shelf (COTS) platform: the ESP32-S3 SoC1. Based on the Xtensa LX7
architecture, this approach exploits chip-specific SIMD instructions to accelerate mathe-
matical and Digital Signal Processing (DSP) operations essential for accelerometry-based
prediction. The investigation focuses on the integration of a modular firmware architec-
ture with hardware-vector capabilities, measuring latency, memory, and energy consump-
tion. The subsequent sections detail the related work, algorithm’s mathematical basis,
system architecture, experimental methodology, results and conclusions.

2. Related Work
Embedded HR estimation involves a trade-off between accuracy and power autonomy.
Beyond ECG-based methods, research primarily focuses on two fronts: mitigating MA in
optical signals and exploring low-power alternatives, such as inertial sensors.

Classical PPG approaches utilize adaptive filters and decomposition techniques
to cancel noise. Algorithms such as TROIKA [Zhang et al. 2015] and NR-OSC-ANF
[Shin and Cho 2019] employ Singular Spectrum Analysis (SSA) combined with ac-
celerometry to mitigate the impacts of MA. With the advancement of Edge Computing,
Deep Learning models like FitRec [Ni et al. 2019] and Deep PPG [Veluguri 2025] have
been proposed to increase prediction robustness. Despite their accuracy, the high memory
and processing requirements often make them impractical for low-power Systems-on-a-
Chip (SoCs).

To achieve extreme efficiency, inertial sensors are used as the primary data source.
Models such as AR-PID [Pacheco et al. 2023b] and PHM [Pacheco et al. 2024] combine
linear regression and Proportional-Integral-Derivative (PID) controllers over accelerome-
ter signals to mimic cardiovascular kinetics, while the PEM [Pacheco et al. 2023a] adopts
a recursive exponential formulation for real-time updates without history storage.

3. Theoretical Background
The PEM does not rely on PPG data to estimate HR. However, it was not designed to
replace PPG. One of the approaches in which the model can be used is to provide support
when the PPG signal is affected by MA, which occurs mainly during physical exercise.

An alternative application for the model involves its operation even when the PPG
signal quality is not affected by MA. The approach involves using PEM for HR estima-
tion most of the time, while the device periodically verifies the error between the PEM and
PPG. If the error remains below a predefined threshold, PEM continues the inference pro-
cess without using the PPG signals; otherwise, PPG is reinstated as the primary method,
and PEM reverts to the personalization phase. This strategy can be used to reduce the
device’s overall power consumption by avoiding continuous PPG sensing.

Figure 1 shows the general structure of the PEM model, which consists of three
main blocks: (1) Preprocess Block, (2) Prediction Block and (3) Manager Block.

1https://www.espressif.com/en/products/socs/esp32-s3
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Figure 1. Modular PEM architecture, integrating data preprocessing, personal-
ized prediction via continual learning, and dynamic sensor-to-model man-
agement.

The PPG provides the system with the signal-quality flag (Flag-PPG). Assuming
the approach to mitigate effects of MA, if the signal is reliable (i.e., free from significant
MA), the PEM can performs personalization using the HR-PPG as ground truth; other-
wise, it can infer the next HR using its trained parameters. The Manager Block is
responsible for transitioning between the two methods.

3.1. Pre-processing

The Preprocess Block comprises signal filtering, Activity Level (AL) and Intensity
State (IS) computation. Adapted from the original algorithm’s 8-12Hz band-pass de-
sign, the accelerometer signals (ax, ay, az) are processed by a 2nd-order high-pass Finite
Impulse Response (FIR) filter with coefficients {−0.5, 1,−0.5}. This provides a cutoff
frequency of approximately 8Hz at a 25Hz sampling rate, removing the gravity compo-
nent and low-frequency noise while preserving dynamic motion. Next, the signals filtered
in the previous step are aggregated using the Euclidean norm (Eq. 1):

agg(ax, ay, az) =
√
a2x + a2y + a2z (1)

In this context, the raw Activity Level (ALraw) is computed by integrating the
aggregated signal over a sliding time window using the trapezoidal approximation rule,
presented in Eq. 2:

ALraw =
∫ t2

t1
agg(a) ≈ ∆agg(a)

N−1∑
k=1

agg(ak) +
agg(an) + agg(a0)

2
(2)

where a = [ax, ay, az], N is the number of data points within the window, which depends
on the accelerometer signal sampling rate and ∆agg(a) = agg(at2)−agg(at1)

N
. ALraw is

used to compute IS in the Intensity Handler. For the Exponential Approximation
Model (EA Model) input, a normalized version of the Activity Level is used, which is
obtained by applying a clipping operation over the agg(a) to ensure the value remains
within [0, 1]. Then, the signal is integrated and the result is divided by the window length
(t2 − t1).
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The IS defines which bias (to be described later in Eqs. 4 and 8) will be selected
for training. Thus, it can assume two distinct values: low or high. Technically, a threshold
ϕi is defined based on the empirical observation that the activity level typically exhibits
two well-defined states with a clear transition between them. Therefore, ϕi is set at the
midpoint of this transition to effectively distinguish between these levels. If AL < ϕi for
a pre-defined time tϕ, the state is set to low; otherwise, to high.

3.2. Estimation and Training
The cardiovascular response to effort is dynamic and can be approximated by exponential
functions over time [Zakynthinaki 2015]. The PEM exploits this kinetics with a recursive
formulation, estimating HR(t + 1) from HR(t) and from a physiological target H̃R, in
order to track HR variations even when optical signals are unavailable.

The model predicts HR at time t+ 1 through a recursive function (Eq. 3):

HR(t+ 1) = H̃R− [H̃R−HR(t)]× e−
1
τ (3)

where:
• HR(t): heart rate at the current time.
• τ : constant that defines the rate of cardiac acceleration or deceleration.
• H̃R: target value to be reached for a given effort level, determined by Eq. 4:

H̃R = Ds ×W⊤ + {blow, bhigh} (4)

where H̃R is the result of a linear regression whose input is the vector Ds =
[AL,BMI, age,male, female], weighted by the coefficient vector W = [w1, . . . , w5].
The BMI is the Body Mass Index, the male and female are represented by binary
variables and must assume 1 or 0. Thus, the model has only eight trainable parameters:
[w1, .., w5], blow, bhigh, and τ .

In this context, to fine tune the parameters in real time, the model implements the
Gradient Descent algorithm using derivatives of the Mean Absolute Error (MAE) over
time, presented in Eq. 5. Since MAE is not differentiable at zero, and considering y
and ŷ as the HR estimated from PPG and from the PEM, respectively, the derivatives
are computed for yi − ŷi > 0 or yi − ŷi < 0 by simply flipping the sign. Letting Ω =
{W, τ, blow, bhigh}, we have:

∂MAE

∂Ω
=

∂

∂Ω

(
1

N

N∑
i=0

(yi − ŷi)

)
(5)

Expanding for each parameter, the terms are translated into the weight-update
equations (Eqs. 6, 7, 8) used during the model’s online training:

Wt+1 = Wt ± α(Dse
− 1

τt −Ds) (6)

τt+1 = τt ± α
−e

− 1
τt

τ 2t
[Ds ×W T

t −HR(t)] (7)

{bt+1low , bt+1high} = {btlow , bthigh} ± α(e
− 1

τt − 1) (8)

where α is the learning rate.
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4. System Architecture and Implementation

The ESP32-S31 incorporates a dual-core Xtensa LX7 CPU (up to 240 MHz, 512 kB
SRAM and 16 MB flash) featuring the Processor Instruction Extensions (PIE) unit, a
SIMD-based architecture designed for AI acceleration [Espressif Systems 2025a]. This
unit is centered around a bank of eight 128-bit registers, which can be partitioned into
16x8-bit, 8x16-bit, or 4x32-bit words for parallel processing. To support this high-
bandwidth architecture, the Arithmetic Logic Unit (ALU) performs up to 16 multiply-
and-accumulate (MAC) operations per instruction on 8-bit data, utilizing two 160-bit ac-
cumulators and one 40-bit accumulator to consolidate results without precision loss.

Memory efficiency is achieved through the PIE Addressing Unit, which enables
128-bit data reads in a single cycle, given that the data is aligned to 16-Byte addresses.
These hardware capabilities are enabled by the Espressif ecosystem through libraries such
as ESP-NN2 and ESP-DSP3. This work leverages the ESP-DSP3 to optimize the PEM
modules, using primarily dot-product and FIR-filter routines.

The firmware architecture was designed to operate in a modular and concurrent
manner, using Espressif’s ESP-IDF SDK4 and the FreeRTOS real-time operating system5

to manage the data flow between modules. As shown in Figure 2, the system consists of
four main tasks interconnected by queues, a buffer pool (also implemented as a queue),
components from Espressif’s ecosystem (in orange), and components created and ded-
icated to the specific tasks (in purple). The pipeline operates in a circular manner: RX
xTask captures the pointer to a buffer in the pool, processes it, fills in the required data,
and forwards the pointer to the queue destined for the next task. Thus, all tasks repeat the
process until the pointer returns to the pool and the cycle restarts.

To validate the real-time performance on the ESP32-S31, a Hardware-in-the-Loop
(HIL) environment was configured, as described in Figure 3. A Python script acted as a
bridge, streaming the pre-recorded accelerometer data and HR ground truth to the SoC
via UART. This setup simulated a real-time sensor feed, allowing the system to process
the incoming signals and return the telemetry metrics to the host computer for logging
and subsequent analysis.

4.1. Buffer Structure and Memory Management

To avoid the overhead of dynamic allocation, a static buffer-pool system was imple-
mented. These buffers are used to carry data such as: the accelerometer signal window,
Activity Level, HR ground truth and HR(t+1). Such data persist throughout the pipeline
for communication between tasks and also for the system output. To ensure compat-
ibility with SIMD instructions, all data accessed by optimized ESP-DSP3 routines are
defined using the attribute ((aligned(16))) directive, aligning data to 16-
byte boundaries. Regarding memory constraints, the core tasks: Preprocess xTask
and Prediction xTask, operate with a limited stack size of 1024 Bytes each.

2https://components.espressif.com/components/espressif/esp-nn/
versions/1.1.2/readme

3https://components.espressif.com/components/espressif/esp-dsp/
versions/1.7.0/readme

4https://idf.espressif.com/
5https://www.freertos.org/
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Figure 2. Proposed firmware architecture showing the task-based execution flow.
The design features a modular structure using queues for synchronization
and a static memory management.

Figure 3. Block diagram of the PEM test environment. The setup consists of a
host-based monitoring tool designed to stream input data and log infer-
ence results from the embedded device.

4.2. Communication and Synchronization
The communication between computer and SoC is provided by the Comm Protocol
component (see Figure 2), which bridges the computer’s asynchronous threads with the
firmware’s tasks. Specifically, the host’s Thread TX transmits serialized data input
to RX xTask. After a model’s execution cycle, the TX xTask uses the same proto-
col component to return the predicted HR(t + 1) and execution logs to the computer’s
Thread RX. This structure ensures that the Comm Protocol acts as a synchronized
abstraction layer, maintaining data integrity across the UART interface while isolating the
communication logic from the core processing tasks.

4.3. Signal Processing
The Preprocess xTask, which corresponds to the Preprocess Block in Fig-
ure 1, executes the accelerometer signal processing by managing three FIR filter instances
(ax, ay, az). This task leverages ESP-DSP3 functions to map convolution operations to the
PIE unit’s 16/32-bit multipliers and to compute the aggregated magnitude (Eq. 1) of the
sliding window. Subsequently, the Activity Level (AL) is derived through a sum-and-
accumulate implementation of the trapezoidal-rule integration (Eq. 2).
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4.4. Inference and Personalization Engine

The Prediction xTask, representing the Prediction Block in Figure 1, han-
dles both real-time inference (Eqs. 3, 4) and personalization (Eqs. 5–8). The computa-
tional core of this stage relies on the vectorized dot-product routine from the ESP-DSP
library3, which calculates the physiological target H̃R by processing the weight vector W
and input data Ds (Eq. 4). This optimized routine is also central to the model-parameter
update logic.

5. Experimental Methodology

The system evaluation aimed to quantify the performance of the embedded PEM model,
analyzing prediction fidelity and the computational cost of hardware acceleration. Thus,
the model was also implemented without acceleration for comparison purposes. Evaluat-
ing the non-accelerated version serves to quantify the performance bottlenecks inherent
in standard CPU execution. In addition, tests were carried out with the MCU operating at
80 MHz, 160 MHz, and 240 MHz.

5.1. The Dataset and Model Parameters

The publicly available BAMI1 dataset [Lee et al. 2019] was selected for evaluating the
proposed implementation because its walking and running sessions mirror the activities
in the original study [Pacheco et al. 2023b] and it provides a substantial number of par-
ticipants. It contains 12-minute records from 24 individuals (average age 26.9; gender
distribution of 0.58 male and 0.42 female). Since individual Body Mass Index (BMI)
details were unavailable, an average adult value of 22.7 was adopted based on [Jung et al.
2020]. The original signals, sampled at 50 Hz for the accelerometer and 125 Hz for the
HR ground truth, were resampled via linear interpolation to 25 Hz and 1 Hz, respectively,
to ensure compatibility with the model’s requirements.

As the model is designed for individual personalization, training and testing
were performed independently for each subject. Given the lack of predefined splits
or signal quality flags in the dataset, 60% of the data was allocated for training and
40% for testing, using the ECG-measured reference HR as the ground truth. The
model parameters, used in Eqs. 3 to 8, were empirically adapted from the origi-
nal implementation [Pacheco et al. 2023a] to serve as the initial starting point: W =
[93.75, 0.82,−0.90,−6.44,−0.09], blow = 100, bhigh = 120, τ = 56.25, α = 0.0075,
ϕi = 0.2, and tϕ = 5. While the parameters W, blow, bhigh, and τ are subsequently up-
dated during the online fitting process to achieve fine-tuned personalization, α, ϕi, and tϕ
remain as fixed hyperparameters.

5.2. Performance Metrics Collection

Performance was measured from two perspectives:

• Physiological: The system exports the estimated heart rate HR(t + 1), the real
reference (HR ground truth), and other data. From this information, the MAE is
computed for each individual in the dataset. These individual metrics are then
used to calculate the overall average MAE and to generate the curves shown in
Figure 4.
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• Computational: Execution latency was quantified using internal hardware coun-
ters to record total CPU cycles per operation. Memory utilization for both the pre-
processing and prediction tasks was assessed through high-water mark analysis,
which tracks peak stack consumption to determine the minimum safety margin.
Energy consumption was estimated by correlating measured task duty cycles with
the power states defined in the datasheet [Espressif Systems 2025b].

6. Results and Discussion

This section presents the results of the PEM model implementation on the ESP32-S31,
analyzing the impact of hardware acceleration on latency, energy and memory consump-
tion.

6.1. Physiological Performance

Figure 4 shows the heart-rate tracking estimated by the system compared to the ground
truth during the 12-minute session. Personalization occurred between 60 and 480 seconds,
while HR prediction was performed in the final running-and-walking session between
480 and 780 seconds. Note that the model can accurately track the transitions between
walking and running states, presenting a smooth exponential response that mimics real
cardiovascular kinetics.

Figure 4. Estimated Heart Rate (HR) using PEM model over a 12-minute session
for subjects S8 and S11 from dataset [Lee et al. 2019]. The True HR is the
ground truth HR obtained from annotated ECG signals. Regression HR is
H̃R. Predicted HR is HR(t+ 1).

Quantitatively, the model exhibits a MAE of 7.66 ± 3.17 BPM for walking and
10.61 ± 5.86 BPM for running across all dataset subjects. To accommodate non-normal
distributions, a paired Wilcoxon test [Wilcoxon 1945] on individual MAEs was per-
formed, confirming this performance gap is significant (p < 0.05). This expected dif-
ference stems from the greater intensity and movement variability of running segments.
Nevertheless, combined sessions achieved an overall MAE of 9.48± 4.93 BPM, demon-
strating stable estimation across effort regimes (Figure 4).

Although deep models on this same dataset report lower MAEs — 2.17 BPM
for BeliefPPG [Bieri et al. 2023] — they require complex CNN/LSTM architectures with
more than 100K parameters (∼10,000× PEM’s footprint). This complexity renders them
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impractical for low-power wearables, highlighting PEM’s superior cost-benefit for edge-
embedded processing.

6.2. Latency Analysis and SIMD Acceleration
Table 1 presents the system computational performance. One can observe that accel-
eration via SIMD instructions (PIE unit) provided a latency reduction of approximately
30.6% at all tested operating frequencies. At 240 MHz, the full execution cycle, in the
worst case (filtering + integration + training + inference), is completed in only 44.08 µs,
with no cost to model accuracy.

Table 1. Current, latency, and energy per complete pipeline cycle for different
operating frequencies, comparing execution without acceleration (No-Acc)
and with SIMD acceleration (Acc).

Frequency Mode Current (mA) Latency (µs) Energy (mJ)

80 MHz No-Acc 47.30 190.44 0.0297
Acc 56.30 132.20 0.0246

160 MHz No-Acc 64.10 95.30 0.0202
Acc 81.10 66.01 0.0177

240 MHz No-Acc 81.30 63.54 0.0170
Acc 107.90 44.08 0.0157

Figure 5 illustrates this time reduction. Notably, pre-processing is the main bot-
tleneck, consuming about 82% of total time, which validates the strategy of optimizing
FIR filters using the ESP-DSP library3. At the operating point with the lowest latency
(240 MHz), pre-processing reached 36.26 µs, while training reached 4.99µs and infer-
ence 2.83µs.

Figure 5. Total pipeline latency (comprising pre-processing, training, and infer-
ence times) for No-Acc and Acc modes at 80, 160, and 240 MHz.

6.3. Memory Consumption
Since the system does not use heap allocation, static memory usage was monitored.
It was verified that Preprocess xTask reached a peak usage of 920 Bytes, while
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Prediction xTask (responsible for personalization and inference) reached a max-
imum of 896 Bytes, also considering the allocation of variables and functions used for
metrics extraction. Furthermore, considering that two buffers were used in the pool, each
buffer occupies 360 bytes (376 bytes including variables for metric extraction). The final
system image occupies a total of 231.3 kB of flash memory. These values show that the
system operates with low memory consumption, keeping the model’s core footprint with
approximately 2.5 kB of RAM.

6.4. Energy Efficiency and Battery Life

The current consumption values shown in Table 1 were taken from the MCU datasheet
[Espressif Systems 2025b], considering the 2 processor cores and the peripheral clock
enabled, but WiFi disabled. The energy consumed per cycle was theoretically estimated
using the Eq. 9:

E = V · I ·∆t (9)

where I is the tabulated current for a given usage, the operating voltage is 3.3V, ∆t is
the cycle latency in seconds, and E is the result in mJ. Although the current consumption
in accelerated mode at 240 MHz is higher (107.9 mA), the short execution time results
in the lowest energy consumption per prediction: 0.0157 mJ. Furthermore, in accelerated
mode, an average reduction of 8% in energy consumption per cycle was achieved across
all three operating frequencies.

The system’s autonomy was evaluated in isolation (without considering I/O
and peripheral operations) and under a race-to-sleep perspective, which prioritizes
rapid task completion to maximize the duration in light sleep mode (Isleep = 240µA
[Espressif Systems 2025b]). This approach isolates the algorithm’s computational cost
from peripheral overhead. Battery life (Blife) is estimated via Eq. 10, considering a ca-
pacity (Bcap) of 300 mAh, the active current (Iop), and the duty cycle (D):

Blife =
Bcap

24 · ((D · Iop) + ((1−D) · Isleep))
(10)

Figure 6 illustrates the impact of SIMD acceleration on the device’s longevity. The op-
timized configuration (240 MHz with acceleration, Iop = 107.9 mA) achieves a duty
cycle of only 0.0044%, resulting in an estimated 51.1 days of autonomy. In contrast, the
non-accelerated baseline at 80 MHz draws a lower active current (Iop = 47.3 mA) but
increases the duty cycle to 0.019%. Despite the lower peak current, the prolonged active
time reduces the overall lifespan to 50.2 days, confirming the energy efficiency of the
accelerated approach.

7. Conclusion

This work implemented and evaluated the PEM model on the ESP32-S3, showing that
accelerometry-based heart-rate estimation can be executed with low latency and low
memory consumption on a low-cost microcontroller. With SIMD acceleration, a 30.6%
reduction in execution time and a latency of 44.08 µs per complete cycle were observed,
along with an 8% reduction in power consumption, while keeping the model-core foot-
print to aproximatelly 2.5 kB of RAM.
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Figure 6. Battery life projection: accelerated 240 MHz achieves higher autonomy
than 80 MHz baseline by reducing duty cycle.

The results also indicate that the computational cost is mostly in pre-processing,
while personalization and inference remain lightweight, leaving headroom for coexistence
with other FreeRTOS tasks (for example, sensor acquisition, logging, BLE, etc.). This
headroom enables race-to-sleep strategies and, in the analyzed scenario, a theoretical 51-
day battery life, while also supporting higher inference and sampling rates with ample
margin.

Future work involves empirical validation of power consumption using physical
sensors and precision instrumentation. Proposed hardware-level optimizations include the
implementation of deep-sleep mode, with static buffers and filter delay lines allocated to
the RTC Fast Memory to preserve system state during low-power cycles. Furthermore,
it is intended to investigate task partitioning within the SoC’s heterogeneous architecture
by offloading specific low-frequency operations to the Ultra-Low-Power (ULP) copro-
cessors, evaluating the resulting energy efficiency against the associated inter-processor
communication overhead.
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