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Figure 1: (A) System overview of GoosebumpsEdge. A wearable camera captures skin-surface images when the skin is lit with a
red LED, extracts a fixed Region of Interest (ROI), computes lightweight texture features, estimates goosebump probability
on-device, and publishes events to external applications via OSC through a PC Hub. The Collector supports real-time interval
labeling and session-wise data export. (B) GoosebumpsEdge: Wearable skin imaging hardware concept that stabilizes distance
and illumination using off-the-shelf components plus 3D-printable parts.

Abstract

Goosebumps, or piloerection, provide a visible physiological cue
that can reflect affective and thermoregulatory responses. We present
GoosebumpsEdge, a reproducible ecosystem for wearable skin-
surface imaging and lightweight on-device goosebumps detection.
Our system consists of (1) a stable imaging hardware jig assembled
from four off-the-shelf parts and 3D-printable components, (2) an
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AtomS3R-CAM firmware for robust image capture with optional In-
ertial Measurement Unit (IMU) logging, (3) a real-time labeling Col-
lector, and (4) an experiment-facing Hub that publishes goosebumps
events via Open Sound Control (OSC). Pilot data from three partici-
pants (10 sessions total) indicates that goosebump-related signals
are reliably reflected in simple texture features, including FFT-based
and Laplacian-based measures. Our approach reliably distinguished
target patterns (goosebump events) from background data. Using
a Local Binary Pattern (LBP) histogram with L2-regularized logis-
tic regression, we achieved an ROC-AUC of 0.84 and an average
precision of 0.65 on a held-out session, with a median ROC-AUC
of 0.74 across labeled sessions. The on-device pipeline runs in real
time at approximately 5 FPS and converts per-frame probabilities
into discrete events using EMA smoothing, hysteresis, and optional
z-score-based session adaptation. Together, results demonstrate
the feasibility of real-time, on-device goosebumps detection using
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wearable imaging. By releasing all hardware designs and software
components as open source, we aim to support further exploration
of piloerection as an embodied physiological signal in augmented
human systems.
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1 Introduction

Goosebumps, or piloerection, are a visually observable skin re-
sponse that can accompany emotional, cognitive, and thermoreg-
ulatory processes [4, 7, 11]. For most individuals, piloerection is
not under direct voluntary control, although voluntary induction
has been reported [4]. In augmented human and VR research, mea-
suring goosebumps provides an objective, time-resolved marker
that complements self-reports (e.g., presence, affect, comfort) and
behavioral measures (e.g., task performance, interaction logs) and is
less susceptible to demand characteristics and deliberate response
strategies than self-report alone. This is useful because self-report
is intermittent and retrospective [3], whereas goosebumps can be
continuously and non-invasively captured, enabling moment-by-
moment analysis and closed-loop adaptation of stimuli. However,
previous solutions typically stream raw images to a host PC for
processing, which increases system footprint and complicates de-
ployment. Accordingly, on-device inference enables a fully wireless
configuration while improving privacy and scalability by transmit-
ting only detection results rather than raw images. However, many
existing approaches rely on specialized sensing setups or offline
processing, which limits portability and reuse across studies [12].
Therefore, we aim to make goosebump sensing practical by en-
abling wearable skin-surface imaging and real-time inference on a
low-cost edge device (Figure 1 (A)). This work extends the Goose-
Lab project ! by emphasizing on-device inference, maintainable
implementation, and an experiment-friendly interface via OSC.
Contributions. First, we present GoosebumpsEdge, a reproducible
end-to-end system for wearable skin-surface imaging and on-device
goosebumps detection. The system includes a stabilized imaging
module, robust AtomS3R-CAM firmware for reliable capture and
device control with optional IMU logging, a real-time interval-
labeling Collector that exports session-wise data, and a Hub that
publishes discrete events via OSC to interactive applications and
experiments. Second, we prove the concept that goosebump-related
signals can be captured by simple texture cues (an FFT-derived index
and the mean absolute Laplacian response), and demonstrate a
lightweight edge pipeline using LBP histograms and L2-regularized
logistic regression with on-device, z-score-based event detection.

Thttp://www.goosecam.de/gooselab.html
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2 Related Work

Objective and continuous piloerection measurement has been stud-
ied using optical recording and frequency-domain analysis, demon-
strating that goosebumps can be quantified from skin appearance [1].
Image-based approaches further analyze skin texture changes via
feature extraction, enabling non-contact emotion-related measure-
ments [12]. Alternative wearable approaches include flexible ca-
pacitive sensors that detect skin deformation directly [5], although
these require skin contact and are limited to a single measurement
site. Piloerection detection has applications in affective computing,
including aesthetic experiences like musical chills [9], and has been
investigated in Virtual Reality (VR) contexts linking awe experi-
ences to goosebumps [10], though empirical evidence suggests the
need for objective, continuous measurement beyond self-report [6].
Prior work typically relies on webcams on a host PC for goose-
bump detection, whereas our approach runs inference on an edge
microcontroller, enabling a fully wireless configuration.

3 Implementation

Hardware Implementation. Goosebumps manifest as subtle,
millimeter-scale texture changes, requiring stable imaging with con-
sistent scale, focus, and illumination. Our wearable jig maintains
a fixed camera-to-skin distance and reduces viewpoint variabil-
ity, while controlled illumination stabilizes image statistics across
frames. The current build uses four commercially available com-
ponents: an AtomS3R-CAM (GC0308), an ATOMIC Battery Base
(200 mAh), a 5mm red LED (625 nm, OSHR5111A), and a 100 Q
resistor, along with a 3D-printable enclosure. To reduce ambient
light leakage, black felt is wrapped around the measurement region
during recording. Figure 1 (B) illustrates the hardware.

The Atom firmware captures RGB565 frames, extracts a fixed
center ROI, and supports runtime control, status monitoring, and de-
bugging.To improve robustness, camera power-cycling and initial-
ization retries are used to mitigate occasional sensor probe failures
at boot, and can optionally log synchronized IMU data.

Because continuously computing FFTs on a microcontroller is
costly, we do not adopt frequency-domain measures commonly
used in prior work [1, 2]. Instead, we use LBP [8] as an inexpen-
sive texture descriptor based on integer comparisons over a small
local neighborhood, and estimate goosebumps probability with an
L2-regularized logistic regression model: p = o(w'x + b). To ob-
tain discrete events, per-frame probabilities are smoothed using an
Exponential Moving Average (EMA) with hysteresis. We compute
an on-device z-score using online EMA estimates of the mean and
variance to reduce session-dependent score shifts. These statistics
are updated recursively from the start of each session without stor-
ing an explicit sliding window, and thus incorporate the entire past
with exponential forgetting.

Software Implementation. The Collector supports real-time in-
terval labeling by recording timestamped onset/offset events and
exports session-wise data (frames, metadata, and event logs) for
reproducible analysis. The Hub registers devices and interacts with
three lightweight HTTP endpoints: /status for reporting device
state (e.g., streaming/recording flags, FPS, battery/WiFi status, and
last error), /control for updating runtime settings (e.g., start/stop
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Figure 2: Example time series from P2 (additional session) recorded during horror movie viewing. Each panel shows signals
standardized to zero mean and unit variance, with an interquartile range (IQR) band and median trace over a sliding window.
Left: FFT-derived texture index. Center: Laplacian absolute mean. Right: z-score of the LBP-based logistic regression output
used for event triggering. The gray-shaded regions indicate the intervals that the user labeled as "goosebumps.”

streaming or recording, LED/illumination, and capture parame-
ters), and /snapshot for capturing a single still frame of the skin-
surface ROI on demand.The Hub periodically polls /status, trig-
gers /snapshot when requested by the UL, and publishes discrete
goosebumps on/off events via OSC to applications such as Unity.
Our implementation and scripts are publicly available at https:
//github.com/hatodove22/Goosebumps_edge.git.

4 Proof of concept

To demonstrate the system’s goosebump detection, three partici-
pants (P1-P3; 2 male, 1 female; age M = 37.3, SD = 1.53) watched
self-selected videos to maximize the likelihood of eliciting goose-
bumps. Each participant completed three recording sessions (nine
sessions total). In addition, we collected one extra session from P2
and reserved it a priori as a fully held-out test session (10 sessions
total). This held-out session was excluded from all model develop-
ment (including cross-validation, feature definition, training, and
any model/threshold selection) and was used only for final, external
evaluation and for visualizing a representative time series (Fig. 2).

Across the nine non-held-out sessions (19270 frames), the total
recording duration was 1389 s (median 160 s/session), of which
194 s (14%) were labeled as goosebumps by the user. Goosebumps
frequency varied across participants and sessions, ranging from
0-6 events (median 2), reflecting both individual differences and
session-specific recording length. Frames and event logs were stored
per session without mixing, enabling session-wise analysis and
debugging.

We first verified that goosebump-related signals are captured by
simple texture cues, including an FFT-derived texture index and the
mean absolute Laplacian response. We then assessed generalization
in two complementary ways. First, to estimate typical performance
and quantify between-session variability without overfitting, we
performed leave-one-session-out cross-validation across the nine
non-held-out sessions, where all frames from one session were held
out for testing while the remaining sessions were used for training.
Second, after fixing the pipeline based only on these nine sessions,
we evaluated all methods on P2’s held-out session as an external
test set never used for training or model selection. FFT/Laplacian

baselines and the LBP + LogReg model scores were evaluated on
the same held-out frames. On P2’s held-out test session, the texture
baselines showed frame-level separability with ROC-AUC values
of 0.78 (FFT-derived index) and 0.809 (mean absolute Laplacian
response). We then trained an LBP + LogReg model that matched
the firmware feature definition and obtained an ROC-AUC of 0.84
and an average precision of 0.65 on the same held-out session.
Over the nine labeled sessions used in cross-validation, the median
ROC-AUC was 0.74, indicating variability across sessions and in-
dividuals. We confirmed real-time inference on AtomS3R-CAM at
approximately 5 FPS under practical operation. Figure 2 shows a
representative time series from the held-out test session (P2; addi-
tional session) that aligns texture cues and the LogReg z-score with
labeled intervals.

5 Discussion and Future Work

Our results show the feasibility of acquiring and identifying skin-
surface images that contain goosebump information with Goose-
bumpsEdge, and that lightweight inference can run on-device in
real time. Compared to prior image-based approaches that rely on
host PCs and offline analysis, our implementation shifts piloerec-
tion sensing toward event-based, privacy-preserving deployment
that can be embedded directly into interactive systems. Still, elicit-
ing goosebump events reliably for an extensive evaluation remains
challenging [4, 7, 11]. Additional experiments are needed to eval-
uate generalization across people and environments where skin
appearance, lighting, and motion artifacts can differ substantially.
In this setting, accurately estimating event boundaries is more chal-
lenging than frame-level discrimination because boundary timing
depends on post-processing choices, threshold calibration, and label-
ing uncertainty. While our results indicate that simple, interpretable
texture cues are sufficient for detecting goosebump-related signals,
improving robustness at the event level remains an important di-
rection. To this end, IMU logs offer a promising low-cost extension
to detect motion segments and suppress intervals likely affected
by motion artifacts, without increasing on-device computational
complexity. As a next step, we plan to integrate the sensing module
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into a head-mounted display configuration to support VR experi-
ments with synchronized, real-time measurements of physiological
events, enabling closed-loop interaction.
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