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ABSTRACT

CNC turning machines operate under highly variable and
context dependent conditions, where multiple cutting tools
and machine subsystems share a common structural vibration
path. This creates a practical monitoring challenge: a sin-
gle sensor captures a superposed vibration response, while
tool wear and machine degradation evolve differently across
tools, operations, and cutting conditions. This paper presents
a context-aware edge cloud multi-agent Prognostics and
Health Management (PHM) framework for multi-tool CNC
turning machines using a single spindle mounted vibration
sensor. The framework assigns a logical PHM agent to each
tool, while a context router uses controller side process in-
formation such as tool identity, spindle speed, feed rate, and
depth of cut, to transform the shared vibration stream into tool
specific feature streams. Each agent performs in situ base-
line calibration, health indicator (HI) estimation, monitoring
mode selection, online degradation tracking, and, where ap-
plicable, Remaining Useful Life (RUL) estimation. To im-
prove deployment robustness, the library includes adaptive
threshold estimation, online threshold refinement, and explicit
handling of anomaly dominant and degradation dominant op-
erating regimes. The framework is implemented as an edge
cloud architecture in which the edge performs feature extrac-
tion, context-aware routing, HI computation, and alert gener-
ation, while the cloud ingests telemetry and curated feature
streams for visualization, storage, and lifecycle management.
The study includes an industrial CNC case study with three
tool types and an auxiliary evaluation on the UC Berkeley
milling dataset. Results show that the framework can isolate
tool-specific degradation behavior using a shared sensor, pro-
vide early warnings for rapidly degrading tools, and support
low-latency edge deployment.

Keywords - Prognostics and Health Management, CNC turn-

Ramesh Krishnamurthy et al. This is an open-access article distributed un-
der the terms of the Creative Commons Attribution 3.0 United States Li-
cense, which permits unrestricted use, distribution, and reproduction in any
medium, provided the original author and source are credited.

ing, tool wear monitoring, edge Al, multi-agent monitoring,
context aware feature fusion, health indicator, remaining use-
ful life.

1. INTRODUCTION

CNC turning machines are inherently context dependent. A
single production cycle may involve roughing, finishing, and
grooving tools, each operating under different spindle speeds,
feeds, and depths of cut. In addition, machine subsystems
such as spindle bearings, the drive train, and structural ele-
ments contribute to the measured vibration response. As a
result, vibration signatures in CNC turning are not stationary
and cannot be reliably monitored using a single monolithic
threshold.

A practical industrial requirement is to achieve low-cost de-
ployment with minimal sensing complexity. This motivates
the use of a single spindle-mounted vibration sensor. How-
ever, single-sensor deployment introduces a key PHM chal-
lenge: the same signal channel is shared across multiple tools
and operating regimes. A viable solution therefore requires
both tool-specific interpretation and strong use of process con-
text.

This work addresses that challenge through a context-aware
edge-cloud multi-agent PHM framework, extending the Intel-
liMaint health indicator and prognostics reference framework
(Krishnamurthy, S, Sreedhar, & Chandrashekar, 2025). The
framework is designed for deployment in industrial environ-
ments where low latency, explainability, and minimal sensor
count are more important than training a large, task-specific
deep model offline. Each cutting tool is represented by a log-
ical PHM agent that maintains its own state, baseline, health
index trajectory, mode, and alert logic. The term agent is
meant as a dedicated logical monitoring entity for each tool.
A context router uses controller-side information to associate
the correct vibration-derived feature stream with the correct
tool agent.
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1.1. Research Objective

The objective is to develop a deployable PHM runtime that
can monitor multiple cutting tools using a single vibration
sensor, while supporting online baseline learning, tool-specific
health tracking, early degradation warning, and low-latency
deployment.

1.2. Contributions

The contributions outlined in this paper are listed below:

* A context-aware feature routing mechanism that converts
a shared vibration stream into tool-specific PHM chan-
nels using controller context.

* A logical multi-agent formulation in which each tool is
assigned an independent PHM agent with its own base-
line, HI state, mode, alerts, and optional RUL state.

* A lightweight edge-compatible health-monitoring run-
time based on baseline relative wear evidence, adaptive
damage accumulation, and bounded HI construction.

* Anedge cloud deployment architecture that separates low
latency inference at the edge from storage, visualization,
and lifecycle functions in the cloud.

* A practical industrial case study showing the feasibility
of multi tool monitoring using a single sensor.

2. RELATED WORK
2.1. Tool Wear Monitoring in CNC Turning

Tool wear monitoring has been studied for several decades
using indirect indicators such as cutting forces, motor cur-
rent, vibration, and acoustic emission. Early reviews of in-
telligent tool wear monitoring techniques (Dan & Mathew,
1990) established the value of these signals as proxies for
wear, while more recent surveys of artificial intelligence ap-
proaches to tool condition monitoring (Munaro, Attanasio, &
Del Prete, 2023) summarize the wide adoption of machine
learning models that learn non-linear mappings from such
signals to wear or remaining useful life. Many recent con-
tributions emphasize multi-sensor information fusion (Wang,
Wang, Wu, & Xie, 2024) to improve robustness, but multi-
sensor deployment increases installation cost and complex-
ity, particularly on production CNC machines where multiple
cutting tools share the same machine envelope.

A consistent finding across this body of work is that super-
vised wear models trained on one tool, material, or cutting
regime transfer poorly to others without retraining (X. Li,
2002), (Wang et al., 2024); cutting parameters such as spindle
speed, feed, and depth of cut materially shape the vibration
signature, and this contextual variability is a primary obstacle
to deploying a single fixed model across a multi-tool turning
operation. Our framework attempts to address this transfer-

ability problem explicitly through context aware feature rout-
ing rather than through additional supervised retraining.

2.2. Vibration Based PHM and Edge Deployment

Vibration analysis is a primary modality for condition moni-
toring of rotating machinery, with comprehensive recent sur-
veys of vibration sensors and their use in condition moni-
toring (Hassan, Panduru, & Walsh, 2024) cataloging how a
single accelerometer can capture imbalance, looseness, gear-
mesh, bearing, and wear induced modulation effects. Within
machining specifically, vibration based approaches have been
combined with deep learning for tool wear monitoring; (Huang,
Zhu, Lei, Li, & Tian, 2021) used short time Fourier trans-
form features with deep convolutional networks for milling
tool wear, and similar work has applied vibration analysis
to bearing fault detection (Gaikwad, Mundhada, Nagre, &
Patil, 2024). The deployment trend over the past five years
has been to push more of the analytic stack onto industrial
edge hardware, motivated by bandwidth, latency, and connec-
tivity considerations. (Costa, Eberhardt, Chen, & Rofmann,
2023) demonstrate edge based vibration monitoring oriented
toward Industry 4.0 predictive maintenance, while broader
edge—cloud frameworks have been proposed for streaming
machinery analytics (Calabrese, Regattieri, Bortolini, Gam-
beri, & Pilati, 2021), for modular industrial IoT predictive
maintenance platforms (Resende et al., 2021), and for IIoT
based condition monitoring with smart sensors at the edge
(Y. Li, Meng, Zhang, & Song, 2020). Most of these systems,
however, either assume a dedicated sensor per asset or treat
the machine as a single asset; they do not address the shared
sensor multi-tool monitoring problem that arises on a CNC
turret where one accelerometer covers several inserts.

2.3. Multi-Agent PHM

Multi-agent system (MAS) approaches to PHM have been
investigated as a way of structuring distributed monitoring
across heterogeneous asset fleets in IloT enabled environ-
ments. (Salvador Palau & Dhada, 2019) analyze multi-agent
system architectures for collaborative prognostics and discuss
the trade-offs between distributed and hierarchical topologies
for failure prediction across fleets. More recent work posi-
tions multi-agent IIoT and machine learning approaches in
the context of Industry 4.0 maintenance pipelines (Abd El-
haleem, Zanfal, & Hamdy, 2025), and machine-tool-specific
studies have begun to incorporate variable working condi-
tions and multi-sensor fusion into RUL prediction (X. Li,
2002); (Y. Li et al., 2020). Across this literature, however,
each agent is typically tied to its own dedicated sensing path:
an agent observes one asset through one or more sensors
mounted on that asset and exchanges summary information
with peer agents. The current problem inverts this assump-
tion. Multiple logical agents - one per cutting tool, must share
a single physical vibration sensor mounted on the spindle, be-
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cause installing per tool sensors on a turret is mechanically
impractical and economically unjustified. This shared sensor
multi agent setup demands a context routing layer so that the
same incoming signal stream can be interpreted differently
by each agent depending on which tool is currently engaged.
Such a layer is not a feature of the multi-agent PHM frame-
works reviewed above and, to the best of our knowledge, has
not been formalized in the multi-tool CNC turning context
addressed here. The component agnostic IntelliMaint health
indicator and prognostics framework (Krishnamurthy et al.,
2025) provides the per agent HI and RUL primitives that the
present paper extends with context aware multi-agent routing.

2.4. Research Gap

Combining the threads above, tool wear monitoring with con-
ventional and Al based methods, vibration based and edge
deployed PHM, tool RUL under variable working conditions,
and multi-agent prognostic architectures each addresses a dis-
tinct subset of the problem space. The gap targeted by this
paper is the intersection of four requirements that are sel-
dom satisfied simultaneously in prior work: (i) single sen-
sor deployment, in which one accelerometer covers multi-
ple cutting tools; (ii) multi-tool monitoring, in which sepa-
rate logical agents maintain independent health states for each
tool; (iii) edge compatible runtime logic with low, determin-
istic latency; and (iv) tool specific context awareness that lets
the system reinterpret a shared signal as different tools en-
gage and disengage. The remainder of this paper presents
a framework that addresses these four requirements jointly
by extending the IntelliMaint HI and prognostics framework
(Krishnamurthy et al., 2025) with a context aware feature
router and per tool monitoring agents. The framework is val-
idated on a production CNC dataset and on the public UC
Berkeley milling dataset (Agogino & Goebel, 2007) and com-
pared against standard RUL baselines.

3. PROPOSED FRAMEWORK
3.1. Edge Cloud Multi-Agent Architecture Overview

The proposed system consists of a two-part edge—cloud archi-
tecture (Fig 1), where real-time data collection and analysis
are performed at the edge layer, while recording, storage, and
other offline tasks are handled by the backend server, typi-
cally deployed on a cloud instance. The edge layer processes
tri-axial vibration measurements collected from cutting tools
and continuously estimates a HI representing the degrada-
tion state of the tool. In addition, the edge runtime performs
context-aware feature routing, monitoring-mode logic, alert
generation, and low-latency telemetry publishing.

The operational workflow implemented at the edge layer is
summarized in Fig 2. The edge monitoring architecture con-
sists of the following stages:

e Data ingestion

* Signal processing

* Context-aware routing

e Baseline learning

* Adaptive runtime logic

e Health Index (HI) and decision layer
¢ Publish outputs to cloud

A continuous monitoring loop updates the active tool agent
state for each incoming snapshot and publishes the corre-
sponding status, feature, and alert streams in real time.

The edge layer transmits information such as features and
other information such as HI, alerts, and calculated RUL to
the backend server. On the edge layer, the term agent is used
in the operational PHM sense: each tool is assigned a ded-
icated logical monitoring entity. A tool agent maintains (i)
its own baseline state, (ii) a tool-specific HI trajectory, (iii)
mode state, (iv) thresholds and alert status, and (v) optional
RUL state. The agents do not require independent physical
sensors; instead, they consume context-routed feature streams
generated from the shared sensor.

The backend layer stores telemetry and feature streams and
supports later model analysis, validation, and configuration
management. A dashboard is provided for operators that con-
sumes data via the backend server.

Fig 3 presents the reusable IntelliMaint reference architec-
ture. It defines four layers: the IntelliMaint Library (sig-
nal processing, anomaly detection, HI construction, diagnos-
tics, and prognostics), the SDK / Workflow Builder, the Asset
Agents, and the Runtime / Platform services. The proposed
multi-tool turning solution is an application-specific instanti-
ation of this generic stack.

Fig 4 shows the CNC-specific realization of the reference ar-
chitecture for the multi-tool turning use case. Multiple Tool
Agents operate under a shared edge gateway / orchestrator.
Each agent receives a context-qualified feature stream, main-
tains its own baseline, health indicator trajectory, monitoring
mode, and alert / RUL logic, and publishes outputs to teleme-
try, operator alerts, and dashboard services.

3.2. Context-Aware Feature Fusion

Context awareness is central to the proposed framework. Be-
cause the sensor observes a superposed vibration response
from the active machining process and machine structure, a
raw vibration feature by itself is insufficient to identify which
tool it should be attributed to. For each analysis window, the
feature vector is augmented with controller-side context in-
cluding tool identity, operation code, spindle speed, feed rate,
and depth of cut. This enriched representation is then routed
into the corresponding tool agent. When a tool is inactive, the
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Figure 1. Overall system architecture. consists of a two-part edge—cloud architecture, where real-time data collection from
sensors and analysis are performed at the edge layer, while recording, storage, and other offline tasks are handled by the
backend server, typically deployed on a cloud instance.

framework marks its logical channel as idle; when it is ac-
tive, the corresponding routed feature vector is treated as that
tool’s observation. Thus, context is a functional part of the
PHM model because it determines feature attribution, base-
line interpretation, and tool-specific decision logic.

3.3. Signal Processing and Virtual Sensor Construction

For each time window, on the edge, signal pre-processing
and feature generation is performed. The raw tri-axial signals
are de-trended, filtered to suppress drift and noise, and com-
bined via vector magnitude where appropriate. Time-domain
features include RMS, peak amplitude, variance, skewness,
kurtosis, crest factor, and peak-to-peak range. Frequency-
domain features are obtained through FFT-based spectral anal-
ysis and band-energy integration. Time frequency features
may be derived through wavelet decomposition or related trans-
forms to capture transient impacts and modulation effects.

These features are interpreted as virtual sensors representing
different wear mechanisms, including impact-driven wear, fric-
tional degradation, modulation effects, and mechanical in-
stability. This virtual-sensor perspective is useful because it
converts a raw vibration stream into a set of physically inter-
pretable channels that can be monitored more robustly than a
single scalar threshold.

3.4. Communication and Data Flow
The system generates two primary data streams:

Telemetry stream: This stream includes health indices, RUL
estimates, anomaly flags, and contextual metadata (e.g., tool
ID and timestamp). It is transmitted to the cloud via an MQTT
broker with low latency, enabling real-time visualization and
alerting.

Feature stream: This stream consists of context-aware, cu-
rated feature vectors produced by each agent. The data are
compressed and batch-uploaded to a centralized data lake on
AWS S3 to support offline analytics and model development.

On the cloud side, the backend architecture includes a cen-
tralized repository for storing both telemetry and feature data,
organized by asset and time to enable efficient querying and
retrieval and the operator dashboard.

3.4.1. Operational Interface and Deployment View

The monitoring output is presented through a live dashboard
interface intended for direct use by operators and mainte-
nance personnel. The interface provides a consolidated view
of fleet condition monitoring, including active alerts, asset
status, HI trends, and prognostic information such as RUL
estimates where available.

As shown in Fig.5, the dashboard summarizes fleet-level health
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Figure 2. Edge processing flowchart.

information while also presenting tool-specific monitoring out-
puts. Active warning conditions are highlighted to support
rapid operator response, and HI trend visualization enables
observation of degradation progression over time.

3.5. Theory
3.5.1. Baseline Learning

Each tool agent begins in a short learning stage that uses the
first early data points attributed to that tool through the con-
text router. The agent records the routed feature vectors from
these data points and estimates a per-feature healthy mean
and a diagonal covariance j2’ where the diagonal covariance
captures the natural variability of feature j under healthy op-
eration. These statistics define the tool’s baseline distribution
and serve as the reference against which all subsequent fea-
ture vectors are evaluated. The baseline stage also computes
a healthy reference for the wear score,

s_base = median(s_healthy),

where s_healthy is the wear score computed on the baseline
windows themselves;s_base anchors the subsequent normal-
ization. Beyond statistics estimation, the stage supports base-
line quality checks (rejection of windows with abnormal en-

ergy or insufficient feature diversity), context-aware calibra-
tion (separate baseline per (tool, regime) combination where
the controller context partitions are sufficiently populated),
and an optional online threshold adaptation mechanism de-
scribed in Section 3.5.4.

3.5.2. Health Indicator Construction

The HI is constructed in three stages: a covariance-weighted
wear score, a relative wear evidence with adaptive damage
accumulation, and a bounded HI mapping.

(Stage 1) Covariance-weighted wear score: Given the per-
feature healthy mean and diagonal variance 12 estimated,
the wear score for a new feature vector X is computed in
a Mahalanobis-style form that downweights naturally noisy
features:

)

where " is a small constant for numerical stability. Features
with low healthy variance (i.e., features that were stable dur-
ing baseline learning) carry higher weight, so deviations in






