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Abstract

Accurate and scalable structural vibration sensing is an essential
tool for a wide range of applications including human and animal
health and safety. We present GeoMCU, an open-source, low-noise,
sensing platform based around geophones, designed for adaptabil-
ity and resilience in diverse, real-world environments. GeoMCU
builds on an iterative, experience-driven development process to
yield an adaptable sensor platform which reduces electrical noise
interference, allows flexible sensor deployment, and supports high
precision and time synchronization where required. Evaluation
of the platform shows a 4x reduction in electrical noise and over
a 10x increase in mean time between failures compared to prior
solutions. Through multiple field deployments—ranging from live-
stock health monitoring to human heart rate detection and stadium
crowd behavior analysis—GeoMCU has demonstrated significant
advantages in scalability, adaptability, and reliability which present
a promising solution for ubiquitous sensing in scientific, industrial,
and residential environments.
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1 Introduction

Structural vibration sensing has been used for a wide variety of
sensing applications in recent years. In the macro scale, they have
been used for monitoring the health of building and bridge struc-
tures to optimize maintenance and safety [1, 59, 60]. Additionally,
smaller scale applications have shown their efficacy in monitor-
ing building occupants, including health monitoring [8, 32, 43, 51,
62, 76], person identification [16, 22, 37, 64, 67, 70], and activity
recognition [9, 10, 19, 41, 46, 66, 79]. Such works have even been
extended to animal monitoring, with similar benefits and sensing
applications to humans [5, 11, 15, 17, 31].
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Figure 1: A fully assembled but bare GeoMCU sensor board.

While vibration sensing typically relies on commonly available
accelerometers, geophone-based systems have shown particular
benefit for their scalability and sensitivity to structural variation.
In particular, geophones are more sensitive to low-frequency vi-
brations near the resonant frequency of the structure, which tend
to be especially sensitive to small changes in the structure from
occupants and structural changes [68, 70]. These lower frequency
vibrations also propagate much farther than the higher frequen-
cies typically measured by accelerometers, improving scalability
by enabling sparser sensing range [64, 69].

The wide variety of environments in which structural vibrations
occur [15, 27, 34, 38, 63] creates a need for adaptability in the sens-
ing platform. For example, in indoor lab environments, the sensor
interface can be relatively primitive due to the relatively controlled
conditions. However, deployments outdoors or in harsh environ-
ments, such as animal pens, require more robust design [5] to
withstand the elements and provide reliable data collection. These
various environments also require different levels of sensitivity [18],
necessitating the ability to adapt the sensor interface to the specific
application, which is typically lacking in existing platforms.
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Figure 2: Six geophone interface hardware versions that led
up to GeoMCU, demonstrating the iterative design evolution.

In this paper, we present GeoMCU, an adaptable geophone in-
terface platform for structural vibration sensing developed over
several years of iterative design. The balance of this paper will be
laid out as follows: Section 2 will detail the iterative design process
that led to GeoMCU, starting from simple lab prototypes all the
way to the most recent versions. Section 3 will present a high-level
overview of the GeoMCU design, including the design principles
derived from the lessons learned in the iterative design process.
Section 4 will then detail the uniquely designed components of
GeoMCU before Section 5 describes GeoMCU in a sensor network
context, including different configurations in which it can be de-
ployed. In Section 6, we will show some real-world evaluation of
GeoMCU by presenting some example applications in which it has
been used. Section 6 will then evaluate GeoMCU’s performance in
several real-world applications, demonstrating its adaptability and
improvements over previous designs. Finally, we will outline some
related works in Section 7 before concluding in Section 8.

2 TIterative Design of Structural Vibration
Sensors

GeoMCU builds on many iterations of previous vibration sensing
hardware. This includes designs made solely for lab use and those
designed for branching out to deployments in remote and harsh
environments. With each iteration we have refined our design,
learning from the pitfalls and challenges of each.

The earliest hardware versions on which GeoMCU is based were
hand wired to a prototyping board, as shown in Figure 2a. The only
hardware added beyond the geophone itself was a linear regulator,
to reduce the noise from typical wall power supplies, and an off-the-
shelf operational amplifier board with manual gain adjustment [75].
These wired-only versions were effective for prototyping, but suf-
fered from noise and adaptability problems. Networking was not
yet a consideration, nor even remote control or data acquisition
since these units were created for lab use with an external data
acquisition card. Particularly problematic were the signal losses
caused by poor solder joints and high noise from exposed wiring,
which necessitated extremely high amplifier gains [62, 70]. These
high gains introduced more noise from the amplifier itself, and
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required delicate modifications to the off-the-shelf hardware to
achieve.

To scale beyond lab deployments, we needed something with
wireless networking. Some of our first attempts towards this end
integrated a low-power Zigbee radio, as shown in Figure 2b. While
the Zigbee radio was a good initial choice for prototyping basic con-
nectivity due to its low power requirements and simple interface,
the bandwidth requirements for continuously sampling geophone
data [71] and the fragmentation of Zigbee hardware led to a non-
functional radio data channel. Thus, we had to resort to manually
transferring data via SD cards, eliminating the networking capa-
bility and hampering the overall deployability of the system. This
experience helped us to define the following requirements for our
sensor networking setup:

e remote control and configuration capability

e high data bandwidth

e precise time synchronization between multiple nodes sens-
ing the same area

Our next iterations focused on our networking requirements,
with particular focus on time synchronization. To this end, we
attempted an iteration with a Ultra-Wideband (UWB) radio [57]
but were only able to use it for time synchronization due to the
bandwidth requirements. While extremely precise, this synchro-
nization was overkill for the geophones, whose sensitivity range
tops out around 240 Hz [64]. Building from these challenges with
wireless sensors, we switched focus to creating a fairly robust ver-
sion using wired ethernet. This version resolved the bandwidth
constraints with Zigbee and UWB, finally achieving a networked
sensor platform. Additionally, using the standard ethernet physical
layer enabled extremely precise time synchronization using Preci-
sion Time Protocol (PTP) [52]. However, the wired data channel
required running signal cables even in harsh environments like
the pig pen where Figure 2c is installed. This hard-wired setup
turned out to be rather brittle once exposed to such environments,
necessitating further evolution.

In order to deploy our vibration sensors in the pig farm, we
needed a more robust and remotely manageable sensor network. To
avoid the necessity of running data cables, we switched to a 2.4 GHz
Wi-Fi radio based on an off-the-shelf ESP8266 microcontroller [40].
This iteration, shown both enclosed and with separate internals
in Figure 2d, borrowed the geophone interfacing from the original
hardwired prototype board in Figure 2a, but interfaced it with a
stackable series of microcontroller “shields” [47] to enable remote
data collection and deployment. While effective for many scenarios,
this hardware stack was still overly sensitive to electrical noise and
required manual amplifier control.

After the reliability issues with earlier pig farm sensors in Fig-
ure 2c and d, we built from that design to create a version dubbed
“GeoESP8266v2.1%, as shown in Figure 2e. This version integrated
the analog processing chain onto a single printed circuit board (PCB)
which then served as a carrier for off-the-shelf power supply and
communication circuits. Unfortunately, a major drawback of this
design was decreased flexibility since the vibration data could only
be accessed remotely over the Wi-Fi channel, with no option for
hardwired or local recording. This version finally introduced a dig-
itally controllable amplifier circuit, though the range of available



GeoMCU : Adaptable and Resilient Low-Noise Sensing Platform for Structural Vibrations

gains was very limited with only 8 positions. With improvements
in noise sensitivity and networking, this design was able to operate
for several weeks to months in a harsh pig farm environment as
described in Section 6.1. However, noise improvements were still
needed in order to sense extremely low Signal-to-Noise Ratio (SNR)
signals such as heartbeats and other biorhythms.

Across several iterations we built a more integrated and noise
resistant version with a wider gain adjustment range, now termed
GeoMCU. While still utilizing the same ESP8266 microcontroller
as the previous few versions, we expect to eventually replace it
with a more modern and better-supported System-on-a-Chip (SoC).
Version 2.6, a minor variation from the current 2.7, is shown in
Figure 2f with power supply, communication, and analog processing
circuity all integrated directly on the same PCB. Unfortunately,
version 2.6 suffered from a standardization issue with the wired
output port, making most standard BNC connectors incompatible.
With that issue resolved, the current iterations are highly flexible,
due to a combination of dramatically increased gain adjustment
range and the option for hardwired access to the raw geophone
signal for deployments requiring high precision or a fast sample
rate.

3  GeoMCU Design Overview

The GeoMCU system consists of an open-source PCB and two pieces
of associated software, all connected in a sensor network. The PCB
interfaces with a geophone transducer [74] to collect ground vibra-
tion and provides signal output via a hardwired analog connection
or wirelessly from an onboard Analog to Digital Converter (ADC).
On the PCB is a wireless ESP8266 SoC which runs custom firmware,
comprising one of the software components. The remaining soft-
ware component connects to the same wireless network with the
sensor devices to receive and aggregate wirelessly transmitted data.
These three components will be detailed in Section 4 while this
sections focuses on the design principles at play in GeoMCU’s de-
velopment.

Our design decisions for GeoMCU were primarily driven by the
needs for our pig sensing project [11, 17], since it encompasses the
most core challenges faced in the various deployment scenarios we
explored. These challenges included:

o The need to detect very small signal changes such as heart-
beats and other biorhythms in a high-noise environment.

e Limited access to the sensor nodes while the pig pens were
occupied.

o The harsh environment below the pig pens, where the sen-
sors are mounted, leads to unavoidable instability and po-
tential damage.

More details on this application will be referenced later in Sec-
tion 6.1, but the primary design goals we settled on for GeoMCU
are:

e Low electrical noise, in order to enable sensing of small
vibration signals such as those from heartbeats

o Remotely and precisely adaptable amplification, enabling
adaptation to different sensing tasks, even when physical
access to the devices is infeasible

e Resilience to hardware failures and software instability,
both of which are common in harsh environments such as
the underside of a pig pen

While focusing on this application’s needs, we still preserved the
flexibility to adapt to other scenarios such as indoor footstep sensing
and human health monitoring.

3.1 Design Principles from Lessons Learned

Integrated PCBs have less noise. While hand-wired prototype
boards are convenient for testing and on-the-fly builds, they are
both brittle and prone to noise. By integrating the entire board onto
a single PCB, manufacturing is more consistent and the layout can
be optimized to reduce noise. This layout optimization includes
separating the analog, digital, and power supply sections of the
board to reduce coupling between them. Additionally, the most
sensitive signal traces can be routed away from noisy components
and power supply traces as well as being shielded by ground planes
and “vias” [18].

Component choice contributes to noise reduction. While integrat-
ing the boards has benefits to noise reduction, the choice of com-
ponents, particularly those in the noisier digital and power supply
sections, can also play a role [18]. For example, by choosing a switch-
ing regulator with a frequency well above the analog chain’s critical
frequency band (in this case 10 Hz to 240 Hz), the noise generated
from it can be readily filtered out. The multi-stage power supply
design also helps to reduce noise, with the switching regulator
performing most of the voltage conversion and a linear regulator
providing the final conversion to 3.3V for the digital and analog
sections.

Check component tolerances, then plan for failures anyway. Sev-
eral pitfalls we ran into with earlier versions came from electrical
parts operating at the limits of their specified operating ranges. In
particular, the digital potentiometers used for amplifier gain control
have a limited functional range for their voltage inputs. However,
even with careful tolerance checking, unexpected variations still
occur in manufacturing and the demands from real-world sensing
environments, necessitating workarounds and backup plans. In the
case of GeoMCU, we found that due to manufacturing variations,
some of the potentiometers will exhibit unstable behavior at moder-
ately high gain settings. We work around this by testing each PCB
individually once received from the manufacturer to see whether
it will operate in this unstable regime, and use these boards only
for sensing tasks which require less signal amplification, such as
footstep detection.

Use common, standard parts, including generics where possible.
While newer electronic components may claim performance gains,
they are often more sensitive to heat and static discharge than long-
tested, generic ones. These challenges lead to PCB manufacturing
difficulties and result in failures which are difficult to reproduce
and debug. Essentially, no matter the theoretical performance gains
from more specialized parts, if the part can’t be reliably soldered
to the board, then no potential improvements in precision, noise,
or power consumption can be realized. Additionally, availability
challenges, such as the chip shortage from the COVID-19 pandemic,
have greater impact on such newer components. Picking common



components that use standard pin layouts means that they can be
easily swapped out for nearly equivalent parts as needed, further
improving the reliability and manufacturability of the design.

Standards compliance improves reliability. This lesson relates to
the previous in terms of hardware components, but also encom-
passes communication protocols and hardware. On the communi-
cation side, some of our earlier sensor versions attempted to use
UWB and Zigbee radios for data transmission, but were thwarted
by bandwidth constraints and radio incompatibilities. While Zig-
bee’s physical layer is standardized [54], compatibility issues were
widely prevalent at the time to the looser standardization of the
higher layers [2]. However, standard Wi-Fi protocols [53] are so
widely used and interoperable they can be relied upon even if indi-
vidual components or commodity devices need to be replaced. The
trade-off, of course, is increased power consumption for the Wi-Fi
radio, necessitating multiple system configurations depending on
the needed run time as described in Section 5. The combination
of standardization and bandwidth constraints are why GeoMCU
boards use Wi-Fi for the wireless data channel as opposed to a less
power-intensive radio interface.

Ease of hardware use benefits both end users and developers. Since
GeoMCU is designed to be used in a wide variety of environments,
it needs to be easy enough to use for even non-technical users [15].
Quality-of-life features such as the wireless command line interface
improve the ease of debugging and configuration both for such end
users and for the engineers developing and debugging the hard-
ware and firmware. While including features such as line editing
and backup control interfaces increases development time, they
ultimately improve the reliability and applicability of the whole
system by easing debugging and configuration.

Time synchronization is useful, but not always necessary. On the
surface, time synchronization seems like an obvious requirement
for any sensor network where multiple sensors have overlapping
sensing range. With the our original wired interface (Figure 2a),
this issue was mitigated by using a centralized data acquisition unit
for all data sampling. In the wireless regime, time synchronization
between the sensor nodes induces a tradeoff in bandwidth, power
consumption, and reliability. The synchronization operations con-
sume power and bandwidth, and require individual sensor nodes
to maintain time with each other even amidst network degradation
and hardware failures. However, the analysis for many sensing tasks
using GeoMCU can be easily adjusted to account for minor time
synchronization errors (on the order of 1) [11, 20, 34, 39]. Thus, we
relax the reliability and bandwidth constraints in GeoMCU boards
by placing the timekeeping burden on the centralized data aggrega-
tor (see Section 4.3). For applications needing high-precision time
synchronization such as vital signs monitoring and footstep local-
ization [18, 24], GeoMCU’s wired configuration (see Section 5.3)
can be employed with centralized data acquisition similar to our
early prototype geophone interfaces.

A single flexible design is more useful than several fragmented
ones. Up until the development of GeoMCU version 2.5, we contin-
ued using the original hand-wired prototype boards for controlled
lab testing since there was insufficient flexibility in the earlier net-
worked geophone hardware. The end result of this situation is
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that lab-bound use cases remained noisy and unreliable even as
our networked interfaces were improving on those same metrics.
By designing GeoMCU to account for both types of use cases, the
lessons learned and iterative improvements from one deployment
contribute to performance in other sensing tasks, ultimately im-
proving reliability, signal quality, and usability across a wide range
of sensor deployments.

4 Open Source Hardware and Software
Components

The uniquely designed components of GeoMCU include the phys-
ical hardware board, its firmware, and the data aggregator software
used for wireless data collection. This section will describe each
of these components in turn, including the key design decisions in
each.

4.1 Hardware

The primary GeoMCU board is designed to reduce electrical noise,
increase resilience and recoverability, and expand flexibility across
many potential sensing tasks. The open-source PCB design, created
using KiCad [56], can be found online at https://github.com/NohPe
i/GeoMCU. Within the board, there are three sections to improve
electrical noise characteristics: one for power supplies, one for
digital communication, and one for analog signal handling. These
three sections are separated by wide channels (shown in Figure 3,
highlighted in Figure 4b) to reduce electrical interference. The
large empty space in the upper left corner of Figure 3 is a reserved
area for the geophone transducer when the PCB is installed in an
enclosure. The conductive material is removed near the geophone
to prevent interference from the geophone’s magnetic field. While
the power and digital sections are fairly conventional, the analog
section contains the most careful design choices to achieve our
goals with GeoMCU, which we highlight in Figure 4.

GeoMCU’s power supply section is based on the application cir-
cuit for a common buck converter [3]. The power input is designed
for 12V but can accept anywhere from roughly 6 V to 24 V, depend-
ing on the tolerance of the input capacitor. The switching regulator
decreases the input voltage to 5V before a standard linear regulator
performs the final conversion to the 3.3V needed by the digital
and analog sections. This two-stage process improves efficiency
and noise in tandem by performing most of the voltage drop in an
efficient switching regulator while the final linear regulator absorbs
much of the switching noise. Component choice also plays a role
in noise reduction, ensuring the switching frequency of the buck
converter stage is well above the 10 Hz to 240 Hz sensitivity range
of our geophone transducers [64].

For digital communication and control, GeoMCU includes an
ESP8266 microcontroller [40]. While newer and more capable SoCs
are available, the current iteration of GeoMCU uses this chip for its
low cost and long-tested reliability. The microcontroller controls
the onboard amplifier and ADC while communicating wirelessly
to transmit collected sensor data and receive configuration updates.
The ADC and gain control chips interface with it via a standard
serial peripheral interface (SPI) bus, providing fast and precise data
transfer to the host controller.
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Figure 3: Design drawings of the GeoMCU PCB showing the
full layout. Wide channels divide the three sections: power
(lower right), digital (upper right and center), and analog
(lower left). An empty space in the upper left corner is re-
served for the geophone itself.
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Figure 4: A zoomed-in view of the Analog section of the
GeoMCU PCB with the geophone signal path highlighted in
yellow. Three circles highlight key layout and design points:
(a) shielding analog signal traces using ground planes and
vias, (b) separated board sections to reduce noisy crosstalk,
(c) the digital potentiometer used for precise and remote
amplifier gain control

GeoMCU’s analog circuitry for raw signals necessitates the most
careful design to ensure adaptability and reduce electrical interfer-
ence. The geophone input connects to an amplifier circuit controlled

by a digital potentiometer (Figure 4c), which facilitates amplifier
adjustment and remote control. An active filter circuit follows to
reduce sampling artifacts and high frequency noise. Output from
the filter is routed to the analog output port as well as the sampling
ADC, enabling data collection from either path. Throughout the
analog section, we shield the signal trace as much as possible by sur-
rounding it with grounding planes and conductor-plated through
holes (i.e., “vias”), as shown in Figure 4a.

4.2 Sensor Firmware

The firmware running on GeoMCU’s microcontroller uses the Ar-
duino framework [4] but is typically compiled using PlatformIO [72].
Arduino enables an easy, predictable development process for vari-
ous microcontrollers, but can struggle with library management and
compilation tools between different computers. PlatformIO works
with the Arduino framework, while offering more consistent library
management and environment setup. The firmware source code is
open and available on GitHub at https://github.com/NohPei/geos
cope-sensor, and build instructions can be found in the included
README or in the user manual at https://geomcu.readthedocs.io.

We focus on resilience in the firmware design, aiming to recover
quickly in the expected event of temporary failures in individual
sensor nodes. Essentially, this means responding to any errors or
unexpected code paths by immediate reboot while minimizing the
startup time to reduce the resulting delays and missed data. To
support this approach, we offload processing to external devices
rather than performing any on the GeoMCU nodes themselves, as
shown in Figure 6. This keeps the nodes simple and less prone to
error while enabling fast reboot times, minimizing the impact of
faults, and reducing recovery latency. The key idea is that whenever
errors and faults occur, we recover as quickly as possible to a known
good state, restoring the sensor to operation.

The firmware includes a command-line interface accessible by
serial port or through a Wi-Fi network via the standard telnet pro-
tocol. This interface allows for explicit configuration of amplifier
gain and sample rate as well as the networking configuration for
Wi-Fi networking, IP addresses, and the MQTT messaging protocol
which handles data passing between sensor nodes and data stor-
age [5, 11]. Additionally, the interface is useful for debugging the
PCB and firmware itself by enabling manipulation during testing
and direct access to the sampled data before it is sent to the MQTT
broker. Thus, including the command-line interface mitigates many
of the deployability and ease-of-use challenges of earlier iterations.

4.3 Aggregator for Wireless Data Collection

Since the GeoMCU sensors are able to communicate wirelessly,
host-side software is needed to aggregate the data for later pro-
cessing in such configurations. As with the other GeoMCU com-
ponents, the source code is openly available on GitHub at https:
//github.com/NohPei/geoscope-gateway. The aggregator runs as an
asynchronous Python program, receiving data packets over MQTT
from individual nodes and periodically recording them to disk in
JavaScript Object Notation (JSON) format. While inefficient for time
series data, JSON is an easily readable and widely supported file
format, making it a good choice during setup and troubleshooting.
If scalability necessitates in the future, the format can be readily
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replaced with more compact formats by making minimal changes
to the aggregator software and sensor firmware. The asynchro-
nous programming model allows for scalability to large numbers
of GeoMCU nodes with minimal additional resource usage.

To enhance overall system resilience, the data aggregator han-
dles timestamping under the assumption that individual sensor
nodes are unreliable. Our current sensor firmware has no time syn-
chronization on its own, since such would be disrupted by sensor
reboots employed for resilience and error recovery. Past attempts
to incorporate time synchronization have led to either unreliability
or excessive communication overhead, ultimately preventing use of
the data channel for sensor networking. Thus, the data aggregator
records timestamps provided by the sensors if they are included, but
also logs the time each data packet is received. While this “receive
time” timestamp is only as precise as transmission and processing
time, it ensures that a consistent time basis is used for all received
data, even if sensor restarts occur.

5 GeoMCU as a Sensor Network

For most structural vibration sensing tasks an individual GeoMCU
node is insufficient, so several are connected in concert to collect
vibration data at separate locations. This section will describe how
GeoMCU nodes can be connected into a sensor network, including
common hardware configurations in which they can be deployed
and an overview of the components required for building such a
network.

Sensor data from individual GeoMCU nodes can be collected
either wirelessly (via MQTT over the Wi-Fi data channel) or hard-
wired (through the analog output port). Using the analog port, the
sensor data can be recorded using any off-the-shelf data acquisition
unit, enabling high precision and high sample rate for applications
that need it, such as localization and vital signs monitoring. Over
the wireless channel, a 12-bit ADC with configurable sample rate
captures sensor data and ferries them over the Wi-Fi network as
MQTT packets. The sample rate is typically set to 500 Hz to match
the Nyquist rate for the geophone’s sensitivity range of up to 240 Hz.
The individual sensor notes connect to an MQTT broker which
distributes sensor data packets to the data aggregator or any future
software developed to interact with these sensors in real time.

Individual GeoMCU nodes can be flexibly powered in a few
different ways. For longer-term deployments or lab use, the sensors
are built for a 12 VDC input, although that can vary anywhere from
as low as 9V up to approximately 24 V where the input capacitor
maxes out. To enable fully wireless operation an increase portability,
the 12V supply can be provided by a standard Lithium Polymer
(LiPo) battery such as those used for hobby aircraft and drones.
In testing, we found that a typical 3S LiPo battery can power a
GeoMCU board continuously for at least 24 h depending on sample
rate and Wi-Fi transmission distance.

For wireless data transfer and control, the sensors connect to
a commodity 2.4 GHz Wi-Fi network and connect to an MQTT
broker. While data collection using the analog output port should
not strictly require the network connection, we recommend still
connecting the sensors to the network for control, configuration,
and stability purposes. The MQTT broker receives packets of sen-
sor data from the onboard ADC for distribution to data aggregator
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along with control messages to route to individual sensors. The-
oretically, any standards-compliant [7] message broker could be
used, however we universally use a local MQTT broker such as the
open source Eclipse Mosquitto [58] since the GeoMCU firmware is
not configured for an encrypted broker connection. Using a local
broker also reduces potential for information leakage which may
be crucial for some sensing scenarios such as health monitoring.

To protect the individual sensor nodes, they are designed to fit in
a watertight enclosure, specifically a Bud Industries PN-1323 [55]
box. While the bare PCB is sufficient in controlled environments,
any outdoor or harsh environment usage necessitates waterproof-
ing. Additionally, our deployment experiences in pig farms revealed
that water resistance alone is insufficient since common sealing
materials are degraded by components of animal waste such as
urea [39]. For most outdoor and animal monitoring scenarios, the
chosen enclosure is resistant to these common chemical hazards,
though adaptation may be needed if future deployments are under-
taken in more caustic environments.

We architect networks of GeoMCU sensors by considering indi-
vidual sensors nodes unreliable. This assumption stems primarily
from the experiences of the pig farm deployment, were even fully
encapsulated sensors have intermittent power and connection chal-
lenges along with occasional total failure due to leakage or damage.
Thus, we offload the time synchronization to the data aggregator
layer (for wireless setups) or data acquisition card (for wired setups)
to reduce the individual sensors’ computation, communication, and
complexity overhead, as discussed in Section 4.3. Since many of
our sensing applications process separate sensors individually [9,
11, 34, 39, 46] before combining them, we find the imprecise times-
tamps from the data aggregator acceptable for situations where
our sensors are communicating wirelessly. When high precision
time accounting is needed, such as for localization [38, 45, 64], the
analog output port provides the option for time synchronization
by the external data acquisition unit.

(b)

Figure 5: GeoMCU Sensors in several common hardware
configurations: (a) Water tight, power wired for long-term
deployment; (b) Fully wireless, battery powered for out-
door deployments; (c) fully wired configuration for high-
precision in controlled environments

5.1 Water-Resistant Configuration for
Long-Term Monitoring

For long-term monitoring scenarios, such as our pig farm deploy-
ments [11, 39], we deploy water-protected GeoMCU sensors with
hardwired power supplies. A set of these fully encapsulated sensors
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is shown in Figure 5a, soon before they were installed beneath the
pig pens. There is a reliability trade-off in this configuration due
the hole drilled for an external power connector. However, our
encapsulation and recoverability efforts make this acceptable for
the scenarios we have used it for so far. Using this configuration,
GeoMCU deployments at a pig farm site have been operating nearly
continuously for over 3 years as discussed in Section 6.1.

The sensors are wired for power despite the potential challenges
with animal interference because of the need for long-term de-
ployment. While long-term deployments with battery-powered or
self-powered devices are an area of active research [73], the con-
tinuous sampling requirement needed for exploratory vibration
sensing precludes the use of such techniques in GeoMCU so far.
Thus, for any deployment longer than approximately 24 hours our
GeoMCU sensors need an external power source. We did note inter-
ference by the animals with this wired power configuration in one
early experiment in a pig farm [11]. Fortunately, with better cable
placement and proper chemical resistance the risk of interference
to the power supply can be largely mitigated [17, 39].

In these deployments, the sensors are typically concentrated in a
relatively close area, enabling a simple star topology for the network
configuration. This means we deploy a single Wi-Fi access point
for all the sensors to connect to, as shown in Figure 6. A computer
hosting the MQTT broker and data aggregator is connected to the
same network through cable or its own Wi-Fi connection. While
there is a potential failure point in this centralized topology, the
ability to use commodity off-the-shelf devices and separate them
from the worst of the environmental hazards reduces this risk.

For both data back up and reliability, we regularly ferry sen-
sor data off-site from the aggregator computer over any available
internet connection. Since this configuration is typically used to
remote environments such as farms and outdoor event spaces, this
typically means a cellular network. Where more reliable outgoing
connections are available they can absolutely be utilized, however
these scenarios typically have unreliable infrastructure if any tra-
ditional networking is available at all. By sending the data off site,
we improve the overall sensor network’s reliability since data is
preserved until the last backup even in the event of total system
failure.

In wireless configurations, the GeoMCU’s sensor network reli-
ability is split between individual sensor nodes, the intermediate
data aggregator, and off-site data processing. Figure 6 shows this
network map, with the least reliable device being individual Ge-
oMCU sensors, followed by the local data aggregator, and finally
remote storage and processing. We note a link between reliability
and processing capability in this setup, with more capable devices
also engendering increased reliability. This can be explained by both
increased distance from potential hazards and increased capability
to self-monitor.

5.2 Fully Wireless Mesh Configuration for
Outdoor Deployments

For larger area and outdoor projects, such as in sports stadiums, we

use fully enclosed GeoMCU sensors in a wireless mesh, powered

by batteries. The mesh network enables a much wider deployment
area since individual sensors do not need to be within range of a
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Figure 6: A network map for GeoMCU in the long-term water-
resistant configuration, divided into three tiers of reliability:
the sensing layer is the least reliable and therefore has the
most redundancy, while the aggregation layer is still low-
powered, but more reliable than the individual sensors. The
analysis layer is off-site to maximize reliability and process-
ing capability.

single radio, with a trade-off of more potential failure points with
data packets being passed back and forth between wireless nodes.

This network architecture operates very similarly to the fully
wired setup, but is limited in duration by the need for battery power.
As before, the MQTT broker is connected to the same network with
the rest of the sensor nodes and they send their data packets to
it for aggregation. The most major difference is that data trans-
mission time between individual sensors and the broker computer
is highly variable due to the mesh topology. For example, while
stadium deployments are typically laid out in a ring, the access
points are free to connect to one another directly across the playing
area if range permits. While this tradeoff does introduce additional
uncertainty in the data timestamps, that can be mitigated with less
time-sensitive processing algorithms.

Various mesh communication technologies could be utilized in
this scenario, however our previous development experience led
us to a standards-compliant 802.11s Wi-Fi mesh. Rather than in-
dividual sensor nodes connecting directly, the sensors connect to
standard access points which then mesh with one another for wire-
less backhaul. The benefit of this approach is that sensor nodes
need not be powerful enough to handle each other’s traffic, and the
access points can be easily replaced commodity hardware. By of-
floading the mesh organization and forwarding to the Wi-Fi access
points, the GeoMCU sensors can preserve their low power, low com-
putation, and limited reliability while still enabling communication
over larger distances than a star topology can provide.



5.3 Fully Wired for High-Precision Indoor
Scenarios

The analog output port enables GeoMCU to be used for applications
requiring high sample rates or higher sensing resolution than the
on-board ADC can provide. Using the wireless connection, time
synchronization is limited to that provided by the data aggregator’s
timestamping and sample resolution is limited to 12 bits. However,
with the analog output we can utilize GeoMCU’s filters and ampli-
fication as a front-end to an external data acquisition unit similar
to those used for industrial accelerometers.

For these deployments, the name boards operate very similar to
the original boards shown in Figure 2a, but with drastically reduced
noise and more fine-grained control over the amplification. Power
can be supplied by a standard 12 VDC power supply, and the analog
output is connected to a data acquisition unit. Note that while
sensor data is not strictly being collected via the wireless channel,
the GeoMCU sensors should still be connected to a Wi-Fi network
and MQTT broker for control, configuration, and maximum stability.
This configuration enables high-precision applications in controlled
environments to take advantage of GeoMCU’s noise reduction from
the integrated and carefully laid out analog circuitry. The analog
output port is a common BNC connector for compatibility with
other scientific equipment.

6 GeoMCU Real-World Evaluations

Since we designed GeoMCU for general structural vibration sensing
applications, we have been able to apply it to a wide variety of
scenarios and sensing tasks. This section will present evaluations
of GeoMCU’s efficacy as demonstrated in four different real-world
deployment scenarios which we have conducted over the past few
years. For further detail on these deployments, please refer to the
original papers published on each of these topics, which are cited
throughout this section.

6.1 Pig Farm Monitoring

Precision livestock management is important to improve the health
of farm animals and enhance productivity in the agricultural in-
dustry. In this section, we will discuss the deployment of GeoMCU
for automatically monitoring the growth of piglets and health of
their mothers over the pre-weaning cycle. This period is crucial to
improve the survival rate of newborn pigs, which averages only
87% [11, 20, 39]. By evaluating GeoMCU’s performance at these
tasks, we demonstrate the quality and efficiency of data which Ge-
oMCU can collect as well as its resilience to long-term deployment
challenges.

As discussed in Section 3, our pig farm deployments was one of
the key driving examples for developing GeoMCU. After several
hardware iterations, such as those shown in Figure 2e and Figure 2f,
we’ve now deployed GeoMCU nearly continuously for over 3 years
at the USDA’s Meat Animal Research Center in Nebraska, USA.
With such a long-term deployment we have been able to evaluate
GeoMCU’s longevity and error recovery capability, as shown in Fig-
ure 7. In short, as we have improved both the hardware protection
(see Section 5.1) and recovery mechanisms (see Section 4.2), we
have seen the MTBF for permanent sensor failures rise from just
under 1 week to well over a year for the most recent deployment.
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Figure 8: Pig farm monitoring data samples and their fea-
tures in the time, frequency, and wavelet domains. Samples
are extracted times of day when the pigs are alternately (a)
resting and (b) highly active.

During times that pigs are active, there are significant fluctua-
tions in the structural vibration signal which correspond to varia-
tions in pig activity. Figure 8 shows an example of the data collected
from the pig farm, providing an overview of time-, frequency-, and
wavelet-domains of the vibration signal during active and non-
active times of the pig activities. By analyzing the signals and mod-
eling the features extracted from time- and frequency- domains,
such as the mean signal amplitude per 10Hz-frequency range, the
data enables the classification of various activities such as posture
and transitioning monitoring (with 97.8% and 94% accuracy, re-
spectively), ingestion and excretion detection (with 96% and 71%
accuracy, respectively), and piglet nursing, sleeping, and active
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Figure 9: Heartbeats (triangle markers) and respirations (cir-
cle markers) are detected in the vibration signals when the
pig is lying still.

time detection (with 87.7%, 89.4%, and 81.9% accuracy, respectively).
As compared to traditional computer vision studies, our vibration-
based approach requires 12X less storage and 4X less training time
than the vision-based approach trained on Resnet18 [17, 49].

During inactive times, the pigs produce very little vibration,
which enables monitoring more fine-grained signals. As shown
in Figure 8a, the vibration signal amplitude is close to zero which
allows the detection of Heart Rate (HR) and Respiration Rate (RR),
since our GeoMCU system is highly sensitive [20] and our sen-
sors are in close proximity to the pigs’ bodies [39]. A zoomed-in
view of the pig’s heart beats and respiration rhythm is visualized
in the wavelet domain in Figure 9, where the pig’s respirations
are identified as periodic fluctuations in the heartbeat vibration
amplitude.

6.2 Human Heart Rate Detection

Heart Rate (HR) is one of the most basic metrics of human health,
and ubiquitous monitoring is particularly important for early de-
tection of potential disease. Typical heart rate monitoring methods
require direct body contact, have privacy issues, and/or are limited
in their scalability [18]. By using our GeoMCU sensors, we instead
monitor heart rate by detecting the tiny vibrations caused by heart-
beats. The key challenges are the extremely low SNR caused by
other vibration sources and variations in heartbeat vibration signals
between individual people.

Since heartbeat-induced structural vibrations have such small
SNR, we use GeoMCU in its wired configuration for maximum pre-
cision and dynamic range, as described in Section 5.3. As previously
mentioned, one of GeoMCU’s main contributions is a marked im-
provement in noise figure due to the careful choice of components
and noise isolating PCB layout. In Figure 10 we show a compari-
son between the older, hand-wired geophone interface (Figure 2a)
that would have been used for similar scenarios before develop-
ing GeoMCU and our most recent iteration. When measuring the
background vibration in a quiet room, we see a as you can see
when measuring the background vibration in a quiet room we see
a 6 dB (or 4x) decrease in the ambient noise, enabling detection
of heartbeat-induced vibrations which were previously below the
noise floor.

To evaluate our GeoMCU boards on actual heart rate monitoring,
we collected vibrations with 10 different individuals of varying
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Figure 10: A comparison of vibration data collected by an ear-
lier geophone interface and GeoMCU’s updated sensor boards
respectively. The newer board decreased baseline noise in
the vibration signal by over 6 dB, including having filtered
out the high frequency spike near the 0.25s mark.
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Figure 11: Heart Rate Accuracy using GeoMCU sensors and an
optimized heart rate detection algorithm. Each bar represents
a different subject, with the final grouping is averaged across
all 10 subjects to show overall performance. Typical heart
rate accuracy for wearable sensors is shown for comparison.

health, sex, and age. Figure 11 shows that across all 10 individuals
and three potential sensor locations, we are able to monitor heart
rate within 7 bpm (beats per minute) on average, and below 5bpm
for most individuals. There is some variation between individuals
due to individual subjects’ health conditions [18], but even in the
worst cast median heart rate error remains below 12 bpm.

6.3 Crowd Monitoring in Stadiums

Monitoring crowd behavior and activity levels in public spaces is
useful for both enhancing public safety and improving the expe-
rience of attendees at large events. We have deployed GeoMCU
sensors in a wireless mesh configuration (see Section 5.2) at multi-
ple sports games both indoors at Stanford’s Maples Pavilion [34],
and outdoors at Michigan Stadium [12, 13, 33]. The vibration sen-
sors collect the structural vibrations induced by crowd activities
such as clapping and cheering. By monitoring these vibrations, we



are able to detect the crowd’s reactions to game events, including
how they react to different teams scoring and promotional events.
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Figure 12: Three plots showing crowd vibration data collected
by GeoMCU during periods of quiet, clapping, and stomping,.
Both time domain and wavelet domain plots are included to
highlight the separability of these different activity types in
both frequency content and amplitude.

To evaluate GeoMCU’s usefulness in monitoring these crowd
vibrations, we did some characterization on what activities could
be detected. Figure 12 shows examples of vibration data in both
the time and time-frequency (i.e., wavelet) domains as measured
during periods of quiet, clapping, and stomping. As can be seen,
different crowd activities can be differentiated by both amplitude
and frequency content, enabling robust crowd reaction detection
using GeoMCU’s structural vibration sensing. By combining this
data with facility models and game event information, we were able
to achieve a 90% F1 score in detecting crowd reactions a 9.3 person
Mean Absolute Error (MAE) in estimating crowd traffic [34].

6.4 Human Gait Health Monitoring

Footstep-induced floor vibration captured by sensors like GeoMCU
has demonstrated promising performance among various gait health
and footstep monitoring tasks [42, 43, 44, 45, 62, 63, 67, 68, 69, 70].
In this context, gait refers to the details of a person’s walking,
including their balance, footstep timing, and other metrics [28].
Gait health monitoring is essential to assessing risk of trips and
falls [25, 35, 69], tracking the development of neurological disorders
(e.g., Parkinson’s and strokes) [14, 30], and tracking rehabilitation
and progression of musculoskeletal disorders (e.g., arthritis and
muscular dystrophies) [24, 27, 38].

When an individual is walking, as in Figure 13a, each footstep
exert forces onto the floor that generates vibrations, which GeoMCU
sensors can detect. The analysis of these vibration signals allows
inference on an individual’s postural balance, left-right symmetry,
joint movements, and joint force/moment transmissions related to
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Figure 13: GeoMCU captures the floor vibrations generated
by footsteps during walking (a), which produce estimates
of spatial, and temporal gait parameters and gait health
indicators (b).

an in individuals’ overall physical health status. Figure 13b shows an
example of a personalized gait profile generated from our vibration-
based gait parameter estimation model. The visualization allows
clinicians and individuals to understand gait health as compared
with the average gait from a normative baseline (gray dashed line
around the center).

Our prior studies have leveraged GeoMCU to sense subtle changes
in footstep-induced floor vibrations to conduct in-clinic and in-
home gait analysis that matches the standards of clinical require-
ments. These results include identifying walkers with >90% of accu-
racy among 10 people [21, 23, 37], estimating spatial and temporal
gait parameters with <5% of error rate [29, 30], detecting gait abnor-
malities through subtle changes in foot-floor contacts with up to
92% accuracy [25, 35, 36], and estimating joint angles and ground re-
action forces with comparable performance with wearable sensors
based on inertial measurement unit (IMU)s [26, 43]. A recent de-
ployment at Nationwide Children’s Hospital shows success (94.8%
accuracy) in tracking disease progression stages for children with
muscular dystrophy [24, 38]. These results demonstrate the promise
of GeoMCU as a gait health monitoring platform.

7 Related Work

Most vibration sensing work uses accelerometers instead of the
geophones we use with GeoMCU [19, 48, 61, 65, 78]. While ubiq-
uitous, accelerometers use higher frequency ranges which are at-
tenuated more rapidly in solid structures [69]. Additionally, typical
accelerometers exhibit much higher noise characteristics due to
their integrated microelectronic design. Thus, accelerometers are
useful over short distances but are less effective for many of the
ubiquitous structural vibration monitoring applications GeoMCU
is used for.

While other geophone interface systems exist, most are designed
for seismic monitoring instead of structural vibrations [6, 50, 77].
These typical geophone interfaces are inserted into soil or rock to
intermittently measure earthquake activity. Since earthquake am-
plitude is relatively large, these devices require little amplification
or adaptability and thus can operate autonomously for long periods
of time with little power consumption. However, the health and
activity monitoring applications GeoMCU is designed for require
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adaptable amplification and more continuous measurement in or-
der to capture to faster-changing and smaller-amplitude vibrations
from human and animal movements.

Many other sensing transducers use embedded wireless inter-
faces similar to GeoMCU [61, 73]. These interfaces include a variety
of wireless protocols power, power supply mechanisms, and com-
putation capabilities. GeoMCU draws on lessons learned from these
previous platforms, optimizing for our goals of adaptability, low
noise, and resilience.

8 Conclusion

We have presented GeoMCU, a resilient, low-noise geophone sens-
ing platform designed for structural vibration sensing in a variety
of environments. Through an iterative design process and lessons
learned from previous sensor deployments, we have presented
principles for designing a sensor network that is resilient, adapt-
able, and low noise. Applying these principles, we showcased the
unique hardware and software components of GeoMCU, along with
orchestration of GeoMCU as a sensor network. Through deploy-
ment experiences in varied scenarios, we demonstrated GeoMCU’s
improvements in resilience, adaptability, and noise reduction, in-
cluding a 4X reduction in background noise and greater than 10X
improvement in average time between sensor node failures.

By continuing to develop and share our designs, we hope to
continue to improve the state of the art in structural vibration
sensing. With further ease of use, modernization, and deployability
efforts, we envision GeoMCU as a cornerstone in a widely applicable
Internet of Structures, enabling numerous applications in health,
safety, and activity monitoring.
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