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Abstract. Continuous stress monitoring using pervasive sensing generates mul-
timodal data streams that are processed through pipelines, which may be im-
plemented across distributed architectures. In this context, smartphones can
operate as ultra-edge nodes, enabling local processing of these data while re-
ducing latency and data transmission to upper layers. However, there is limited
empirical analysis of how these pipelines operate under continuous execution at
the ultra-edge. This study addresses this gap by evaluating the feasibility of ex-
ecuting a stress monitoring pipeline at the ultra-edge through the quantification
of its data volume and computational requirements under continuous execution.
For this purpose, each pipeline stage is analyzed in terms of generated data
volume and the associated computational requirements in CPU, memory, and
energy usage. A baseline configuration is compared with alternative strategies
to reduce data volume and computational load. Preliminary results show that
input data rates are low; however, continuous processing introduces sustained
computational demands that must be considered for real-world use. These re-
sults provide a baseline for evaluating processing costs in subsequent pipeline
stages.

1. Introduction
The widespread availability of sensors in personal devices has enabled the pervasive
generation of multimodal data in everyday environments [Detweiler and Hindriks 2016].
These capabilities facilitate the study of human states across different domains, includ-
ing mental well-being, where psychological stress is a relevant case. The response to
psychological stress varies significantly among individuals and is influenced by physio-
logical, behavioral, and environmental factors. This variability limits point-in-time stress
evaluation, motivating continuous approaches based on physiological and behavioral data
[Goodday and Friend 2019].

Computational pipelines for psychological stress inference process these data
through multiple analytical stages, transforming them into structured representations to
support the characterization of stress dynamics [Smets et al. 2018]. However, they are
primarily designed for this purpose under offline settings, with limited studies evaluating
real-world deployment through quantitative metrics of performance and resource con-
sumption [Zhang et al. 2024].

In ultra-edge environments, where processing is performed directly on resource-
limited personal devices, the deployment of these pipelines offers advantages such as
reduced feedback latency, enhanced data privacy, and minimized data transmission to



higher-level computing layers [Shi et al. 2016]. However, these benefits come at the
cost of sustained computational processing and energy consumption, which must operate
within the limited computational and energy resources of smartphones [Can et al. 2019].

These constraints highlight the importance of establishing an empirical basis to
understand the impact of distributing pipeline stages across architectural layers on re-
source usage and system efficiency. To address this, the study evaluates the execution
of a stress monitoring pipeline at the ultra-edge node on a smartphone across three pro-
cessing stages. It quantifies, for each pipeline stage, the volume of generated data and
the associated computational requirements in terms of CPU, memory, and energy usage.
The results are compared between a baseline configuration and alternative configurations
that incorporate two strategies to reduce data volume and processing load during local
execution.

2. Related work

Psychological stress monitoring is typically implemented through computational
pipelines that operate primarily on physiological data, complemented by behavioral and
contextual information [Smets et al. 2018]. These data are continuously processed across
successive pipeline stages, incurring computational cost and increasing data volume
across stages [Zhang et al. 2024].

Several studies have supported stress monitoring through the development
of mobile sensing frameworks [Ferreira et al. 2015] and the release of real-world
datasets [Kang et al. 2023]. In these systems, mobile devices function as ultra-edge
nodes responsible not only for data acquisition but also for early-stage processing
[Garcia-Ceja et al. 2015, Landreani et al. 2019].

Recent work has explored stress inference at the edge through model optimization
techniques [Jaiswal et al. 2024, Rachakonda et al. 2019], demonstrating the feasibility of
performing local inference with reduced model size and energy consumption. However,
these approaches focus primarily on the inference stage, overlooking preceding pipeline
stages where continuous data transformation also incurs computational costs. In contrast,
this study focuses on the characterization of pipeline execution at the ultra-edge, analyzing
data flow and associated CPU, memory, and energy requirements under continuous local
execution prior to inference.

3. Methodology

3.1. Multimodal Data Sources

This study is conducted under non-clinical conditions and considers physiological and
contextual sources of data that are widely used in psychological stress monitoring. In
this context, heart rate variability (HRV) is a widely used indicator of autonomic nervous
system (ANS) activity and a proxy for stress-related responses.

The Polar H10 is a single-lead chest strap that provides electrocardiogram (ECG)
data. This device provides raw ECG, heart rate (HR), and RR intervals, from which HRV
metrics are derived [Polar Electro Oy 2021]. The validity of Polar H10 measurements for
HRV applications is supported by the literature [Schaffarczyk et al. 2022].



Contextual information often used in stress monitoring includes user motion data
to provides context for physiological measurements by characterizing motion-related
noise and artifacts, as well as enabling the inference of basic user activities such as walk-
ing or running. This is analyzed either from raw accelerometer data [Weiss 2019] or
through Google APIs. Complementary contextual data, such as location, is also obtained
through these API [Google for Developers 2026]. Table 1 summarizes the data sources
and the types of data provided by each source.

Table 1. Multimodal sources and provided data

Sources Data provided Acquisition settings
Raw Metrics Inferred

Polar H10 ECG HR; RR – ECG Fs: 130 Hz
Accelerometer 3-axis accel. – – Fs: 5, 10, 20 Hz
Activity API – – Activity state System-defined
Location API – – Loc. coordinates System-defined

Accel.: Acceleration; API: Application Programming Interface; Loc.: Location; Fs: Sampling frequency

Physiological and contextual data streams are integrated through a local hub in
a smartphone application developed for this study. This hub is responsible for managing
connections to the data sources, and use the AWARE framework [Ferreira et al. 2015] and
the Polar H10 API. Prior to pipeline execution, the incoming data streams are aggregated
and temporally synchronized using the timestamps provided by each data source to align
samples across modalities into a common timeline.

3.2. Pipeline for psychological stress monitoring

The pipeline captures core data transformations across three stages: pre-processing, tem-
poral segmentation, and feature extraction, prior to stress inference. Focusing on these
stages enables the characterization of computational cost and data volume without unnec-
essary complexity. It operates on both raw sensor data and device- or API-computed data,
enabling analysis of trade-offs between processing flexibility and computational cost.

The pre-processing stage includes representative ECG filtering configurations
with varying computational demands, such as Butterworth bandpass, its combination with
a notch filter, and wavelet-based denoising. Accelerometer data are filtered using a But-
terworth low-pass filter, while derived data streams (e.g., HR and RR intervals) are filtered
using physiological thresholds (30–220 bpm) and activity states based on confidence lev-
els (≥ 80%).

The temporal segmentation stage partitions data into time windows. For
ECG, the window lengths follow ultra-short HRV analysis to support continuous
monitoring [Castaldo et al. 2019], with R-peak detection used to derive RR intervals
[Van Gent et al. 2019]. Accelerometer data are segmented using standard windowing ap-
proaches for activity recognition [Garcia-Ceja et al. 2015, Weiss 2019].

The feature extraction stage derives time- and frequency-domain representations
to capture physiological and motion dynamics while reducing data dimensionality, en-
abling compact signal representation and efficient processing under continuous execution.



3.3. Pipeline management strategies

A quality evaluation step is introduced after temporal segmentation to ensure the reliabil-
ity of subsequent feature extraction. Window quality is assessed using lightweight sig-
nal quality indicators (SQI), including data completeness, signal variance, physiological
plausibility of derived measures, and motion-aware indicators derived from accelerometer
data. Segments that do not meet these criteria are discarded prior to feature computation,
preventing the propagation of unreliable data and reducing unnecessary processing over-
head.

The second strategy reduces computational cost by adapting the temporal window
length for feature computation based on ultra-short HRV durations reported in the liter-
ature [Castaldo et al. 2019]. A baseline 60 s window is used to estimate the root mean
square of successive differences (RMSSD), a time-domain HRV metric capturing short-
term variability. When HRV metrics remain stable and motion levels are low, the window
length is reduced to 30 s to lower computational cost. If RMSSD subsequently indicates
a potential stress response, the window is restored to 60 s to confirm whether the change
reflects a sustained physiological pattern rather than a transient fluctuation.

3.4. Metrics of evaluation

Proportional Set Size (PSS): PSS is used as the primary metric to quantify memory
usage. A baseline is established after application initialization with the pipeline inactive,
and memory usage during execution is compared against it to estimate the incremental
cost of each pipeline stage. Results are reported in absolute terms and normalized by the
smartphone’s total RAM for cross-device comparison.

CPU usage: CPU usage is measured using two complementary approaches. Un-
der laboratory conditions, Android Studio Profiler is used to inspect CPU scheduling and
thread activity during pipeline execution. For in situ evaluation, CPU usage is estimated at
the process level using Android system APIs by measuring the elapsed CPU time between
the start and end of each pipeline stage.

Data volume: Data volume is estimated using two approaches: first, derived from
the acquisition parameters of each sensing modality; second, computed from the data
received and generated at each pipeline stage. Results are reported in bytes per window
and bytes per second to enable comparison across stages and configurations.

4. Results

4.1. Characterization of input data streams

Laboratory measurements were conducted to characterize the data streams received by
the smartphone from the sensing sources before entering the pipeline. ECG stream from
Polar H10 showed stable packets with 219 bytes of ECG payload plus a 10-byte header
metadata. Accelerometer data are recorded as tri-axial samples, resulting in 20 bytes per
measurement. The estimated input data volumes are summarized in Table 2.

These estimations indicate that the combined input data rate from ECG and ac-
celerometer streams remains low, reaching approximately 0.8 KB/s under the highest con-
figuration, equivalent to about 2.8 MB per hour or 67 MB per day. This volume depends



Table 2. Estimated input data volume of sensing sources

Source Structure Size Rate Data volume

Polar H10
packet
(73 ECG samples +
header metadata)

229 B/packet ∼1.78 packets/s ≈ 408 B/s

smartphone
accelerometer

sample
(timestamp + x,y,z) 20 B/sample

5 samples/s 100 B/s
10 samples/s 200 B/s
20 samples/s 400 B/s

on the selected sensing modalities and acquisition settings and may increase with addi-
tional or higher-rate sources; therefore, storage duration and retention strategies should be
considered. Despite the low data rate, continuous data flow requires sustained processing,
including filtering, segmentation, and feature extraction, which may introduce additional
computational and energy demands that need to be evaluated.

5. Conclusions
This study explores the feasibility of executing a stress monitoring pipeline on the smart-
phone as the processing node. Although the acquisition stage appears not to represent a
significant burden, continuous processing may introduce computational demands on the
device that require further evaluation. Accordingly, the evaluation framework considers
CPU usage, memory consumption, and data volume across pipeline stages.

6. Future Work
Future work will focus on evaluating the trade-offs introduced by performing quality eval-
uation at the ultra-edge, which reduces the propagation of invalid or noisy data and avoids
unnecessary processing, despite the additional local computational cost. To support this
analysis, the experimental evaluation will be extended through continuous data acquisi-
tion in real usage conditions, incorporating richer contextual data to assess their impact
on pipeline behavior.
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