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Abstract

The reliability of cooling systems is critical for removing
substantial amounts (in megawatts) of waste heat from nu-
merous high-power accelerator components (e.g., magnets,
RF structures, power supplies) and beamline components.
Reliance on manual inspection of hundreds of pumps is in-
efficient and increases the risk of costly component dam-
age and unplanned downtime. This study introduces a real-
time method for automated vibration-based pump anomaly
detection that is designed to help transition facility opera-
tions from reactive to predictive maintenance. Our ap-
proach integrates (i) affordable vibration sensors and (ii)
machine learning models for anomaly detection. We have
deployed vibration sensors on Bunch Lengthening System
(BLS) helium pump, and a set of deionized water-cooling
pumps, where Linux edge nodes aggregate and preprocess
the hourly collected data. To support operational decision-
making, a web-based diagnostic platform provides real-
time visualization of vibration trends against a rolling
weekly baseline, together with Short-Time FouriefyTrans-
form (STFT) spectrograms and integrated Power Spectral
Density (PSD) plots for frequency and time-domain analy-
sis. Additionally, the web platform will display hourly in-
ferences from the machine learning models such as auto-
encoder on the data stream, autonomously detecting spec-
tral anomalies indicative of mechanical faults. The integras
tion of scalable edge data collection, ‘advarced visualiza-
tion, and unsupervised machine learning will provide a yi-
tal safeguard fowmaintaining operational readiness-indpar-
ticle accelerators.

INTRODUCTION

Cooling water systenis are an unglamorous but indispen-
sable patt of any moedern accelerator- At’APS, deionized
water removes hedt from magnets, radio-frequency struc-
tures, power supplies, and beamline components through a
primary distribution system that operates at flow rates ap-
proaching 10,000 gallons per minute, together with dozens
of smaller closed-loopisecondary systems [1]. Pumps are
the active elements that keep this network running, and an
unexpected pump failure can cascade quickly: components
interlock on flow and temperature, downtime is expensive,
and damage to high-power loads is difficult to repair on a
user-driven schedule.

Today, pump health at APS is assessed primarily through
walk-down inspections, supplemented by reactive trips af-
ter the fact. Across hundreds of pumps this is labor-
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intensive, occurs periodically, andgmakes, it difficult to
catch the slow drifts that precede a‘harddfailure. This bot-
tleneck can be addressed through vibration-based condi-
tion monitoring [2], and by applying machine learning
methods that learn the normal operations signature of a ma-
chine from unlabeled operating data [3y 4]. Recent work,
has shown that autoencoder-style reconstruction analysis
transfers well to the accelerator setting: ithas been applied
to magnét, fault prediction in the APS storage ring [5, 6]
and to errant-beam and pressure anomalies at other facili-
ties [7, 8]. Pumps, however, have received comparatively
little attention in the accelerator literature. This work ex-
tends oui, earlier proof-of-concept 'on cooling water
pumps [9] and adds the, BLS helium pump and an web-
baseddiagnostic platform.
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Figure 1: Developmental pump-monitoring system at APS.
(a) End-to-end data flow: 3-axis MEMS vibration sensors
mounted on accelerator pumps stream data to Linux edge
nodes, which perform hourly aggregation, preprocessing,
and feature vector calculations; the data is then sent to a
GPU workstation for inference; outputs are served through
a web-based diagnostic platform to engineers. (b) Repre-
sentative sensor installation on the cooling pump, showing
sensor mounting location, cable run to the local edge node,
and 3D printed sensor case.



In this contribution, we summarize the design, deploy-
ment, and early experience of a developmental pump
anomaly-detection system at APS. The system pairs an in-
expensive 3-axis MEMS vibration sensor from STMicroe-
lectronics [10] with on-site edge aggregation, hourly data
acquisition and model inferences, and a web-based diag-
nostic platform that combines real-time data trends and
anomaly detection alarms for human interpretation. We fo-
cus here on the system architecture and on the engineering
lessons that have gathered while building this pump-mon-
itoring system in a working accelerator environment; a
more detailed treatment of the model architecture, training
procedure, and quantitative detection performance is the
subject of a separate publication in preparation.

DEVELOPMENTAL SETUP
Vibration Sensors and Edge Nodes

The vibration front-end utilizes the STMicroelectronics
IIS3DWB, a three-axis MEMS accelerometer tailored for
industrial vibration detection. It offers a flat frequency re-
sponse up to about 6 kHz, features a steep anti-aliasing roll-
off, low noise levels, and a digital SPI interface [10]. This
bandwidth effectively captures the frequencies of the shaft
rotation frequency and its lower-order harmonics, as well
as the impeller and bearing characteristic frequencies that
are diagnostic for centrifugal pumps and compressors. Lhe
sensors are mechanically coupled to the pump housing near
the bearing block.

Figure 1 summarizes the end-to-end data flow. As shown
in Fig. 1a, each sensor cluster is read out by'a Lifiux edge
node. Three-axis acceleration is acquiréd at for-a fixed-
length (30-seconds) segments and thén passed through a
preprocessing stage that produces both raw tifne-series
snapshots and a set of vibration descriptorsdused down-
stream. As shown in Fig. 1b inset, we designed a 3D
printed sensor case to mount a sensor tothe pump. Timé-
series snapshet§ are tetdined.on an hourly cadencerso that
models cafi be retrained) from real operating data” when
neededg'while the reduced deseriptors are stored continu-
ously to keep storage and network bandwidth manageable
as(the deployment grows. Preprocessing uses physically
meaningful quantities, including a per-segment estimate of
shaft frequency derived from the signal’s spectral content,
so that downstfeam features remain interpretable in me-
chanical-engineering terms rather than as abstract latent
variables.

Web-based Diagneostic Platform

The engineer/technician-facing layer is a web applica-
tion that consumes data products generated by edge nodes.
It displays the current hour’s RMS vibration channels
against a rolling weekly baseline for the same pump, shows
STFT spectrograms and integrated power spectral density
analysis for easy inspection of frequency content, and high-
lights the hourly model reconstruction-error score with a
customizable alarm threshold. The reason for displaying
spectrograms alongside the model output is practical: en-
gineers and technicians trust diagnostics they can verify

directly. When the model marks an hour as anomalous, the
same view presents the spectrogram that influenced the
score, enabling faster triage and reducing the cycle from
alert to maintenance decision.

ANOMALY DETECTION METHOD

We treat pump anomaly detection as an unsupervised
problem. Faulted vibration data from accelerator pumps is
rare, unevenly labeled, and biased teward the modes that
have failed in the past, so any supervised' classifier would
generalize poorly to the long tail of degradation modes we
actually care about. To address this issuc, we'deploy unsu-
pervised model ensembles combining machine, learning
models. Autoencoders sidestep this difficulty by learning a
compressed representation /of healthy ‘operation and treat-
ing reconstruction errogas an anomaly score [3-5].

The windowed segment of the pre-processedyvibration
data deseribed above are inputyinto the ML models; STFT
spectrograms generated by the same preprocessing stage
are surfaced ‘separately on the diagnostic platform for in-
terpretation. The MLimodels are trained,on a healthy refer-
ence period spanning several weeks of operating data, and
s ogCur periodically. The reconstruction error is compared
against a baseline established from held-out healthy data; a
sustained error above the threshold is flagged as an error.
The'model architecture, training procedure, performance,
and the tole of the, ML models within the broader anomaly-
detection stack are the subject of a separate publication in
preparation and are therefore not detailed here.

DEPLOYMENT AND EARLY OPERATION
EXPERIENCE

The system is in pilot deployment at APS. Initial instru-
mentation has focused on two representative loads: the he-
lium“pump that supports the bunch lengthening system
(BLS), and a set of deionized water pumps for the storage
ring (SR). Together these cover the operational regimes of
greatest interest: a thermally sensitive cryogenic support
pump where any drift has consequences for super conduct-
ing radio frequency (SRF) performance, and high-duty wa-
ter pumps that represent the dominant pump population by
count. Hourly model inferences and data visualization are
delivered to the diagnostic platform without interruption.
We are using early operational feedback to tune alarm
thresholds and visualization defaults before scaling the de-
ployment to additional pumps across the facility.

Several engineering lessons are worth highlighting.
First, baseline drift occurs regularly: even healthy pumps
show seasonal and load-dependent shifts in their spectral
signatures, and rolling weekly baselines absorb these shifts
far better than a single static reference. Second, mechanical
coupling of the sensor matters as much as the sensor itself;
consistent mounting torque and location had a greater im-
pact on data quality than incremental improvements to the
model. Third, decoupling the inference pipeline from the
visualization stack has let us update one without disrupting
the other, which has been important for keeping the system
live during iteration.



OUTLOOK

The near-term focus is to expand sensor coverage across
the APS cooling network and integrate the alarm channel
into existing operations workflows so that flagged events
trigger a defined response rather than merely updating the
web dashboard. In parallel, we are extending the modeling
work to achieve sharper separation of fault classes and ear-
lier detection of slow degradation; results from that line of
work, together with quantitative detection performance on
operational data, will be reported separately.

The broader point is that low-cost MEMS sensors, mod-
est edge compute, and an unsupervised deep model are suf-
ficient to add a useful predictive-maintenance layer on top
of existing accelerator infrastructure. Each of the individ-
ual ingredients is a mature technology; what has been miss-
ing for pumps at light sources is integration and test results
from a pilot deployment.

CONCLUSION

We have described a pilot deployment of a pump anom-
aly-detection system at APS that integrates low-cost
MEMS vibration sensors, Linux edge nodes, an unsuper-
vised machine learning model for hourly anomaly scoring,
and a web-based diagnostic platform with STFT spectro-
gram visualization for engineer or technician facing triage.
The system is currently running on the BLS helium pump
and on selected storage-ring water pumps. Early opera-
tional experience supports the design choices belind the
system and motivates a facility-wide rollout. A'detailed
treatment of the model and quantitative resultsasiforthcom-
ing.
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