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Abstract

Industrial predictive maintenance programs often rely on SCADA historian signals char-
acterized by low-frequency sampling and asynchronous reporting intervals. These data
constraints, specifically non-uniform scan rates and inter-tag time misalignment, limit the
applicability of high-resolution or sensor-intensive prognostic models. This study proposes
a lightweight, physics-informed health proxy, the temperature-weighted work (TWW)
index, designed to monitor motor stator-winding degradation within these industrial limi-
tations. The TWW index accumulates mechanical work derived from torque and speed
measurements, weighted by an adaptive exponential temperature-emphasis function that
penalizes operation at elevated temperatures. The formulation is inspired by practical
thermal-aging heuristics such as Montsinger’s rule in the qualitative sense that higher
temperatures are treated as disproportionately more damaging, but it is not intended as
a direct implementation of a fixed absolute-temperature life law. Instead, it is designed
as a lightweight adaptive index suitable for online SCADA-based implementation. To
address SCADA-specific irregularities, the framework incorporates data synchronization
and resampling techniques to align heterogeneous tags, alongside power-thresholding to
isolate degradation-relevant load periods. The resulting cumulative index is mapped to a
normalized health/RUL proxy using failure-referenced thresholds identified from histori-
cal events. Validation using field data from industrial three-phase motors demonstrates
that the TWW index provides a monotonic degradation profile that is consistent with
documented winding-related failures and proactive removals. Case studies confirm that
the model enabled proactive maintenance interventions by signaling the terminal phase
of insulation life before catastrophic breakdown, offering a hardware-free and scalable
solution for real-time asset management.

Keywords: SCADA data; stator-winding degradation; temperature-weighted work (TWW);
remaining useful life (RUL); physics-informed prognostics

1. Introduction and Literature Review
1.1. Industrial Importance and PAM Context

Industrial electric motors are critical assets in the manufacturing, oil and gas, and pro-
cess industries, supporting motor-driven systems that account for approximately 40-55% of
global electricity consumption and about two-thirds of total industrial electricity use [1-6].
Because unexpected motor failures can cause unplanned downtime, safety risks, and finan-
cial losses, motor reliability remains a major concern for asset owners [7,8]. In response,
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maintenance practice has evolved from rigid time-based scheduling toward condition-
based and predictive maintenance (PdM) [9-13]. Within this shift, Remaining Useful Life
(RUL) estimation has become an important objective because it supports intervention
before irreversible damage occurs [14-19]. At the same time, industrial users often prefer
physically interpretable indicators and explicit thresholds over black-box outputs, which
motivates prognostic methods that remain transparent while using routinely available
operational data [17,20,21].

RUL prediction for rotating machinery has been studied through a wide range of data-
driven and hybrid approaches, including regression and survival models, multivariate time-
series methods, and health-stage classification [22-26]. In many industrial settings, however,
the available information is limited to supervisory control and data acquisition (SCADA)
or historian records containing aggregated process variables such as temperatures, speeds,
torques, and powers. These records are typically low-frequency and affected by tag-specific
logging logic, heterogeneous timestamps, and inter-tag time misalignment [27,28]. Under
such conditions, asset owners often favor classification-oriented prognostic outputs that
can be integrated directly into alarms, dashboards, and maintenance workflows [17,29,30].
Figure 1 summarizes representative classification techniques for RUL prediction on process-
level industrial data streams [27-35].

RUL Degradation Methodology
Analytical- Model- Knowledge- Hybrid-
Based Based Based Based
Physics-of- Fusion
Failure Technique
Technique
v v
Statistics Computational Experience
Technique Intelligence Technique

Figure 1. Classification techniques for RUL prediction [30]. Arrows denote the relationships between
major methodological categories and their associated techniques.

Thermal stress is a major driver of insulation aging and failure in motor stator wind-
ings and power connections, and winding temperature is also one of the few degradation-
relevant variables that is commonly available in standard SCADA systems. This aging
mechanism is commonly described using Arrhenius-type laws and cumulative damage
concepts, under which even modest temperature increases can sharply reduce insulation
life [36-39]. Experimental and field studies have shown that sustained operation at ele-
vated temperature accelerates degradation in slot liners, end-winding regions, and terminal
connections [40]. Reliability studies further report that unbalanced supply voltages, poor
contact points, inadequate cooling, and frequent overloads can create localized hot spots
and stator damage [41-48]. For this reason, the present study focuses on thermally induced
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degradation in three-phase motors using phase winding-temperature measurements avail-
able in historian databases. Figures 2 and 3 illustrate the sensitivity of winding temperature
to loading conditions, while Figure 4 shows representative stator damage associated with
thermal overstress [40,41].
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Figure 2. Winding temperature under full load and 10% overload [40].
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Figure 3. Winding temperatures under zero-load and full-load conditions [40].
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Figure 4. Stator winding damage due to unbalanced supply voltage and overload [41]. The left
image shows lighter copper-colored winding regions, while the right image shows pronounced dark
black/brown discoloration, which visually indicates severe thermal damage and insulation deterioration.

1.2. Background and Research Gap

The prognostics literature includes a broad spectrum of data-driven, physics-based,
and hybrid methods for industrial assets. Existing RUL studies have used regression,
probabilistic filtering, and survival analysis across different components and operating
conditions [16,21,49-51]. More recent work has also emphasized robustness under nonsta-
tionary operation, where duty-cycle variation and changing operating regimes can degrade
model performance [25,26,34,52]. In addition to predictive accuracy, prior reviews have
highlighted interpretability, rigorous validation, and data-governance requirements, espe-
cially when only SCADA-level features are available [15,30,53]. Related work has therefore
explored privacy-aware, federated, and weakly supervised approaches for compressed or
decentralized industrial data streams [32,54—60].

At the same time, physics-informed and hybrid prognostic frameworks have gained
attention because they can combine domain knowledge with the flexibility of machine
learning while preserving interpretability [17,28,33,53-55,61-65]. However, an important
gap remains for industrial motor fleets: many published studies assume measurements
that are richer than those routinely available in deployed assets.

A large part of the motor-prognostics literature relies on high-frequency sensing and
extensive instrumentation for feature extraction and fault-signature detection, including
vibration, acoustic sensing, high-rate electrical waveforms and their spectral features, and
sometimes thermal imaging. Although these measurements can be highly informative,
they generally require dedicated sensors, high-bandwidth acquisition, and controlled
experimental protocols. In contrast, industrial SCADA /historian environments usually
provide only a limited number of process-level tags, recorded asynchronously, at low
effective update rates, and with inter-tag time misalignment. As a result, there is a need for
prognostic methods that are not only compatible with SCADA data after post-processing,
but are explicitly designed for SCADA deployment.

This need motivates prognostic methodologies that (i) use only signals commonly
available in SCADA databases, (ii) produce a low-dimensional and physically interpretable
degradation metric, and (iii) integrate naturally with real-time classification logic and
existing dashboards. In particular, a framework based on torque, speed, and winding
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temperature, while explicitly accounting for thermally accelerated degradation, can provide
a practical alternative to sensor-intensive approaches and remain compatible with installed
monitoring infrastructure.

1.3. Research Questions

To address this SCADA-oriented gap, this study investigates the following re-
search questions:

RQ1 Can a cumulative temperature-weighted work (TWW) index, computed solely from
commonly available SCADA tags (winding temperatures, speed, and torque/load),
produce an interpretable and monotonic degradation trajectory for industrial motors?

RQ2 Does the proposed failure-referenced thresholding, through Wr aijure, provide an
actionable health/RUL proxy that is consistent with documented removal and fail-
ure events?

RQ3 Under realistic operating variability and SCADA data-quality limitations (asyn-
chronous tag updates with heterogeneous reporting intervals, inter-signal time mis-
alignment, and occasional sensor outliers), which implementation choices (e.g., re-
sampling step At, operating-state filtering, and robust temperature consolidation) are
required to ensure stable and reliable deployment?

To address these inquiries, this study proposes a temperature-weighted work (TWW)
framework for assessing the condition of industrial motors utilizing solely torque, speed,
and temperature measurements. This approach accumulates mechanical loading over
time and assigns increased significance to operations conducted at elevated winding
temperatures. Consequently, it produces a singular scalar degradation index that engi-
neers can evaluate and employ directly as an input for straightforward classification or
decision-making rules in maintenance planning. In this study, RUL is conceptualized as a
normalized, failure-referenced health proxy derived from cumulative exposure, rather than
as a probabilistic estimate of time-to-failure.

1.4. Contributions and Novelty

Motivated by the need for prognostic methods that rely only on SCADA /historian
tags while remaining interpretable and deployable within existing maintenance workflows,
this work makes the following contributions:

(i) It formulates a temperature-weighted work (TWW) degradation index that combines
torque-speed mechanical work with an adaptive exponential weighting of winding
temperature to emphasize thermally accelerated aging. The weighting is inspired
by the practical thermal-severity intuition associated with Montsinger-type aging
heuristics, but is used here as an online SCADA-compatible temperature-emphasis
index rather than as a direct implementation of a fixed absolute-temperature life law.

(i) It outlines a SCADA pipeline designed for effective implementation, which includes
resampling data to align with a uniform time grid, applying filters based on opera-
tional states, and consolidating temperature data from multiple sensors in a robust
manner. This setup enables the online computation of the metric using low-frequency
historian data, eliminating the need for additional instrumentation.

(iii) It proposes a failure-referenced mapping from the cumulative TWW index to a nor-
malized health/RUL proxy using an empirically identified threshold Wr gaijure, and it
provides a theoretical sensitivity analysis showing how perturbations of this calibrated
threshold affect the reported RUL values.

(iv) It validates the approach on industrial field data through fleet-level analyses against
documented maintenance events, and through forward-looking case studies in which
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Raw Input Features

motors flagged as high-risk by TWW are proactively removed and subsequently found
to exhibit winding degradation upon inspection.

The remainder of this manuscript is organized as follows. Section 2 presents the
temperature-weighted work (TWW) framework, including data preprocessing, thermal
weighting, cumulative damage computation, and theoretical sensitivity analyses. Section 3
reports the case studies based on SCADA-level measurements, including key implementa-
tion choices and validation against observed maintenance outcomes. Section 4 summarizes
the main findings, discusses practical implications for SCADA-based motor monitoring,
and outlines directions for future work.

2. Methodology

Developed in this section is a methodology for estimating the RUL of industrial mo-
tors using the proposed TWW framework. The workflow consists of four primary stages:
data preprocessing, thermal-based weight assignment, cumulative TWW computation,
and final RUL estimation. Preprocessing begins with the winding temperatures from the
three phases, motor speed, torque, and electrical power. These signals are first synchro-
nized onto a common time base and restricted to energized/load periods. To mitigate
faulty sensor-reported values in the winding-temperature channels, a robust phase-wise
consolidation based on the sample-wise median is applied, and no samples are removed
solely due to temperature outlier values. The TWW index is then computed from the
winding-temperature, speed, and torque measurements. At the core of the algorithm
is the assignment of exponentially scaled weights to each sample based on its winding
temperature relative to nominal operating conditions.

The overall workflow is illustrated in Figure 5. This section presents the general
formulation of each stage in a manner that is independent of any particular plant or data
set. Specific implementation choices, such as the resampling interval, power thresholds, and
parameter values used in the field study, are described later in the paper when discussing
the industrial case study and its results.

Remaining Useful Life (RUL) Calculation
Power —> ——> Speed
Temperature Temperature
o Torque X Weighted Weighted 1 wr 100 RUL
: o - >

Speed —f > Mechanical Power Z Work (TWW) Wr Faiture %

< : »
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g
Torque —»] E —— o ’(

B

§ 2 Phase U
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% A Phase V Update
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Phase W Temperature 9
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L J
Y
Preprocessing

Figure 5. Flow diagram of the proposed TWW methodology. Arrows indicate the direction of data
flow and the sequential transformation of signals from raw SCADA inputs to the final RUL estimate.
2.1. Data Preprocessing

Data preprocessing is essential to ensure that the TWW index can be reliably computed
from SCADA- or historian-level data. In a typical deployment, the available tags include
the winding temperature, motor speed, torque or load, and power. Because these signals
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are often sampled at low rates and with irregular timestamps, a preprocessing pipeline is
required to (i) synchronize all measurements to a shared set of timestamps, i.e., resample
each signal onto the same uniformly spaced time grid, (ii) restrict the analysis to periods
when the motor is actually operating under load, and (iii) consolidate the temperature
measurements in a robust manner so that occasional sensor outliers do not dominate the
degradation metric. Here, irregular timestamps primarily reflect asynchronous tag updates
with different scan rates and inter-tag time misalignment.

All relevant tags are synchronized by interpolating each signal onto a common, uni-
formly spaced time grid with resampling interval At. The interval At is selected to (i) resolve
the dominant variations in winding temperature, torque, and speed, (ii) remain consistent
with the historian logging frequency, and (iii) avoid oversampling that would introduce
redundancy without adding information. Given the asynchronous and nonuniform time
stamps typical of SCADA /historian archives, each signal is mapped to this grid via cubic
spline interpolation [66,67], yielding aligned samples at a consistent temporal resolution
and reducing artifacts associated with nonuniform sampling.

Not all time intervals contribute meaningfully to thermomechanical degradation. Thus,
an operating-state filter is applied, relying solely on the measured electrical input energy
proxy available in the historian, specifically the active power signal, without incorporating
any additional ground-truth operating labels. A user-specified threshold Pyn is applied to
the active power to exclude periods when the motor is de-energized, idle, or carrying a
negligible load. Only samples satisfying P(t) > Ppin are retained for the TWW computation.
Conceptually, this power-based screening separates the winding-temperature distribution
observed during energized operation from that observed during non-operating periods.
As illustrated in Figure 6, the filter concentrates the analysis on the higher-temperature
regimes most relevant to insulation aging and thermomechanical stress.
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£0.04 —THEHT M
S _ o1
©
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0 10 20 30 40 50 60 70 80 90 100
0.08

(b) _
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o
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Figure 6. Probability distributions of winding temperature (in °C) before and after applying the
operating-state (load) filter based on the input electrical power. (a) Temperature distribution prior to
filtering using all available samples. (b) Temperature distribution after filtering to retain only ener-
gized/load periods with input power exceeding 1kW (i.e., discarding samples with Power < 1kW).
The filter removes the non-operating or lightly loaded regime (typically associated with lower tem-
peratures), ensuring that the temperature-weighted work (TWW) computation is based on intervals
when the motor is carrying load.
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In many installations, multiple temperature measurements are available for a given
motor (e.g., three-phase-specific winding sensors or multiple stator RTDs). To obtain a
single representative winding temperature T; at each time step i, the individual sensor
readings can be consolidated using a robust statistic, such as the median across sensors.
This consolidation mitigates the influence of a single faulty or drifting sensor and reduces
the impact of isolated outlier values (erroneous spikes) returned by the sensor, rather
than empty or missing readings. However, this median-based consolidation can reduce
sensitivity to inter-phase thermal asymmetry, since a localized temperature rise affecting
only one phase may be attenuated in the aggregated signal. This limitation is especially
relevant when degradation is strongly phase-localized and does not appreciably affect the
remaining sensors. Accordingly, the resulting TWW index should be interpreted primarily
as an overall winding thermal-degradation indicator rather than as a dedicated detector of
imbalance-driven faults.

Figure 7 illustrates this consolidation step: individual phase temperatures are shown
together with their median, which provides a single robust temperature trace that more
faithfully reflects the thermal state of the windings. This consolidated temperature is then
used as the input T; in the subsequent TWW calculations.

200 5
i Temperature at phase U
180 Temperature at phase V
Temperature at phase W
160 Median temperature between the 3 phases
140
[}
5 120
o
o 100
€
5}
'_
0 T T T T T 1
0 20 40 60 80 100 120

Time (hours)

Figure 7. Example of winding temperature (in °C) consolidation from multiple phase-specific sensors.
The three raw winding temperature signals are combined at each timestamp using a sample-wise
median to obtain a single representative winding temperature trajectory. This consolidation reduces
the influence of sensor noise, outliers, and slow drift and provides the aggregated temperature input
T; used in the subsequent TWW calculation.

2.2. TWW Calculation

The TWW calculation combines dynamic thermal statistics with a temperature-
dependent weighting of mechanical work. At each time step i, the algorithm updates
a running mean y; and a running standard deviation o; of the consolidated winding
temperature T;. These statistics capture the long-term thermal operating point and its
variability, and they form the basis for assigning a dimensionless thermal weight w; that
emphasizes operation at unusually high temperatures. The cumulative TWW index Wt
is then obtained by aggregating, over time, the product of this thermal weight with the
instantaneous mechanical loading expressed by the motor speed S;, torque T;, and sampling
interval At.
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To establish a memory of the historical thermal environment without storing the full
time series, the running mean temperature y; is updated recursively from the previous
mean y;_1, the current temperature T;, and the total number of samples N;j:

(N =Dpi 1+ T,

Hi = N; (1)

This online computation monitors long-term temperature trends while mitigating
short-term fluctuations.

In a similar fashion, the running temperature standard deviation o; is updated so
that the dispersion of the temperature signal is tracked consistently with the evolving
mean. Using the previous standard deviation o;_1, the previous mean y;_1, and the current
temperature sample T;, the update is given by:

(02 422 2
0i = \/(Nl Mo I )

N; Hi

This formulation captures the variability of the thermal environment in an efficient,
incremental manner, which is crucial for the subsequent application of exponential weighting.

Based on these statistics, each sample is assigned a dimensionless thermal weight
w; that depends on the deviation of T; from the running mean, expressed in units of the
running standard deviation. Samples that are several standard deviations above y; are
mapped to large weights, while samples near or below the mean receive weights close to or
below unity, so that high-temperature operating conditions are emphasized, as exemplified

in Figure 8.
T~y
w; =e Y (3)

In this formulation, samples exceeding the historical mean are amplified, whereas
those below it are attenuated. An increase of one running standard deviation in temperature
multiplies the weight by e ~ 2.718, thereby introducing a geometric increase in the penalty
assigned to hotter operating conditions.

It is emphasized that (3) is not intended as a direct implementation of Montsinger’s law
and is not structurally equivalent to a fixed absolute-temperature lifetime rule. Rather, it is an
adaptive temperature-emphasis index designed for practical SCADA-based deployment. The
role of the exponential mapping is to preserve the same qualitative engineering idea that moti-
vates Montsinger-type thermal-aging heuristics, namely that higher winding temperatures
produce a disproportionately larger degradation effect than lower temperatures.

The quantities y; and o; are introduced as running, motor-specific statistics so that the
weighting can be computed online from asynchronously reported historian data. Using
the mean and variance of the entire dataset would either rely on future-unavailable global
statistics or require repeated recomputation of the full Wr trajectory as new samples arrive,
which is impractical for online deployment.

Accordingly, y; and o; are used as an adaptive normalization tied to the evolving
operating history of each motor. This does not imply a universal absolute-temperature
degradation constant, since insulation aging depends on multiple winding- and system-
specific factors. The connection to Montsinger’s rule is therefore qualitative rather than
literal: both reflect the geometric increase of degradation with temperature, but the present
formulation is a lightweight adaptive index for historian-based monitoring rather than a
direct life-law model.
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Finally, the cumulative TWW Wt aggregates the thermally weighted mechanical work
over the observation window. At each time step, the instantaneous mechanical loading is
represented by the product of the motor speed S;, torque T;, and sampling interval At, and
is scaled by the corresponding thermal weight w;. The resulting index is defined as follows:

Wr = ZwiSiTiAt 4)

so that periods of high torque and speed at elevated temperatures contribute disproportion-
ately to the total and the final scalar metric reflects both the magnitude of the mechanical
loading and the severity of the thermal environment.
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Figure 8. Illustrative example of the temperature-dependent weight function w(T) used in the
TWW algorithm. The left axis corresponds to the winding temperature (in °C), and the right axis
corresponds to the weight. Samples near the running mean receive modest weights, whereas samples
several standard deviations above the mean receive exponentially larger weights, emphasizing high-
temperature operating conditions. Because y; and o; are running statistics computed from each
motor’s thermal history, the figure is schematic and intended to illustrate the weighting behavior
rather than to report a single universal numerical range of y; and o;.

2.3. RUL Calculation

After calculating the cumulative TWW Wr for each motor, the RUL is estimated as
the percentage of useful life remaining before a predetermined empirical failure thresh-
old Wr pailure is reached. In the subsequent discussion, W denotes the TWW index and
WT Failure denotes the corresponding failure threshold. The threshold Wr g,ijyre is deter-
mined empirically from historical motors that reached terminal winding failure. For each
failed motor, the terminal value of the TWW index is extracted at the documented failure
event, and Wr pailyre is defined as the median of these terminal TWW values across the
failed-motor set. This median-based definition is retained because, as additional failed-
motor cases become available, the median provides a threshold-update rule that is less
sensitive to outlying terminal values than an extremum-based calibration. In the present
study, however, only two failed motors are available, so Wr p,ijure should be interpreted as
an initial fleet-specific calibration rather than as a statistically mature robust estimator. The
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resulting threshold is then used to normalize the cumulative TWW trajectory and define
the Remaining Useful Life proxy.

RUL = (1 —_ - ) x 100 (5)
WT,Failure

This definition provides a relative, fleet-specific health normalization rather than an
absolute lifetime prediction transferable across motor designs or operating regimes.

In this context, RUL = 0% signifies that the motor has reached a cumulative thermo-
mechanical load equivalent to the identified failure threshold, whereas positive values
denote the percentage of the anticipated remaining operational life.

This straightforward yet interpretable formulation facilitates the effective monitor-
ing and forecasting of motor health with minimal sensor input. This capability enables
maintenance planners to anticipate failures and schedule proactive replacements based on
data-driven criteria rather than arbitrary time intervals.

2.4. Sensitivity and Uncertainty Analysis

This subsection provides a theoretical sensitivity and uncertainty analysis of the
proposed TWW formulation with respect to the resampling interval At, additive sensor
noise, and perturbations of the calibrated failure threshold used in the failure-referenced
RUL proxy. The objective is to clarify the stability of both the cumulative index and its
associated RUL mapping under practically relevant implementation, measurement, and
calibration uncertainties.

2.4.1. Convergence with Respect to the Resampling Interval At
Define
g(t) =I{P(t) = Pmin} w(t) s(t) T(t), ©6)

so that the continuous-time cumulative temperature-weighted work over [0, T] is:

T
Wr(T) = [ g(t)at )
After synchronization and resampling on the uniform grid t; = iAt, the discrete
approximation becomes:
At N-1
WA(T) = ¥ g(t)At, T =NAL 8)
i=0

Assume that g(t) is piecewise Lipschitz continuous on [0, T|, with Lipschitz constant
L¢ on intervals where the operating-state indicator is constant, and let M denote the number
of switching times of I{ P(t) > Ppin }. Then:

L,T
‘WT(T) - W§A”(T)’ < 5= At+ CoyMAL, 9)
for some constant Cg,, > 0. Hence:
‘WT(T) - W§At>(T)‘ =0(At), At —0. (10)

Thus, the proposed TWW accumulation converges linearly to its continuous-time
counterpart as the resampling interval decreases, up to local first-order contributions near
operating-state switching times.
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2.4.2. Robustness of Temperature Mean and Variance Estimates Under Additive
Sensor Noise
Let the observed temperature samples be;
T (T) c_
T]-—T]-—i—s]. , j=1...,n, (11)

(T)

where ¢ j * is zero-mean additive sensor noise, assumed independent across j. Let /i,
denote the sample mean of {Tj}?:l, and let 9, denote the empirical variance of {T]};;l
computed with denominator n. Let 1+ and (7% denote the mean and variance of the observed
temperature. Then the standard results give the following:

o

Elfin] = Hy, Var(f1,) = oy (12)
so the mean estimator is unbiased and becomes increasingly stable as the number of
samples increases.

If 9,, is defined with denominator 7, then:
n—1

E[on] = — 0z, Var(d,) = O(1/n), (13)

so the variance estimator is asymptotically stable under additive sensor noise [68].

2.4.3. Mean and Variance of the Noisy TWW Estimate
Consider the noisy TWW estimate:

T 3 (0 Y e T M
Wr = Aty I{P, > Pmin}(ri +él ) (s,» +él ) exp| i1, (14)
i=1 o

where T; is the torque, s; is the speed, and T; is the temperature. Assume that the sensor
noises are mutually independent, independent across time, zero-mean, with variances:

Var(sgr)> = 1/%, Var(sgs)) = 1/3, Var(ng)) = 1/%, (15)

and that el(.T) ~ N(0,v2).
Under these assumptions:

_ N T — n 1/2
E[Wr] = At Y I{P; > Pnin} Tisi exp(l) exp<T>, (16)

i—1 o

and, for small temperature-noise variance:

~ 1/2
E[Wr] =~ Wr| 1+ =L ). 17
[Wr] T( + 202) 17)
Likewise: N
Var(WT) = Atz 2 ]I{Pi > Pmin} Vi, (18)

i=1

with the first-order approximation:
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T — 2
V; ~ exp(Z’ay> (77 +v2) (s? +v2) — T7s?] + U—g [2(77 + v2) (s? +v2) — T7s7] |. (19)

Therefore, additive torque and speed noise contribute to the variance of the TWW

estimate, while additive temperature noise affects both its variance and its mean through
the exponential weighting.

2.4.4. Sensitivity of the Failure-Referenced RUL Proxy to Threshold Perturbations
Because the failure-referenced RUL proxy depends on the empirically calibrated
threshold Wr pajlure, it is useful to examine how moderate threshold perturbations affect
the reported RUL values. Let the perturbed threshold be defined as follows:
WT,Failure = (1 + 6) Wtrue (20)

T, Failure’

where € > —1 denotes the relative perturbation with respect to the nominal threshold
wirde The corresponding RUL proxy is then:

T, Failure*
Wr
RUL(e) =100( 1 — , (21)
< (1 + 6) W%llégilure )
whereas the nominal value is:
Wr
T, Failure

Subtracting the nominal expression from the perturbed one yields:

WT €
RUL(e) — RUL(0) = 100 —- 1 ¢ (23)
W%lléiﬂure T+e
Using RUL(0) = 100 (1 - v&) , this can be rewritten as follows:
T, Failure
RUL(€) — RUL(0) = (100 — RUL(0)) fr . (24)

Equation (24) shows that the RUL perturbation varies smoothly with the threshold per-
turbation and scales with proximity to the failure boundary. In particular, the magnitude of
RUL(e) — RUL(0) increases as RUL(0) decreases, indicating that the absolute RUL percent-
age is more sensitive to threshold perturbations when the motor is already close to the cali-
brated failure level. This behavior is illustrated in Figure 9, which plots RUL(e) — RUL(0)
versus RUL(0) for representative perturbations € = £0.01, £0.05, +0.10, £0.20.

At the same time, for any fixed € > —1, the mapping in (24) remains monotone with
respect to Wr. Consequently, moderate perturbations of Wr pajjure primarily rescale the
numerical RUL percentage without altering the relative ordering of motors by degradation
severity. In practical terms, this means that moderate threshold uncertainty affects the
absolute reported RUL values more than the qualitative screening decision, since the
motors closest to the failure boundary remain the motors with the largest cumulative
temperature-weighted work. This observation supports the use of the proposed failure-
referenced RUL proxy as a fleet-screening and maintenance-prioritization indicator, while
also confirming that its interpretation should remain tied to the empirically calibrated
fleet-specific threshold.

https://doi.org/10.3390 /machines14040425


https://doi.org/10.3390/machines14040425

Machines 2026, 1

4,425 14 of 24
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Figure 9. Analytical sensitivity of the failure-referenced RUL proxy to perturbations in the calibrated
threshold, shown as RUL(e) — RUL(0) versus the nominal value RUL(0) on a logarithmic horizontal
axis. Each colored curve corresponds to a threshold perturbation e listed in the legend. Solid curves
denote positive perturbations (¢ > 0), which increase the reported RUL, while dashed curves denote
negative perturbations (¢ < 0), which decrease it. The faint vertical and horizontal background grid
lines are included only to aid visual reading of the logarithmic scale and response levels.

2.4.5. Interpretation with Respect to Implementation Robustness

The previous results support four practical conclusions. First, the discrete TWW
accumulation converges linearly to its continuous-time counterpart as At decreases. Second,
the running temperature mean and variance statistics become increasingly stable as the
number of samples increases, with estimator uncertainty decaying at rate O(1/n). Third,
additive temperature noise has a stronger effect on the TWW estimate than additive
speed or torque noise because it enters through the exponential weighting; however, for
sufficiently small temperature-noise variance relative to ¢, the resulting bias remains
controlled. Fourth, perturbations of the calibrated threshold Wr gajjyre primarily rescale
the absolute numerical value of the failure-referenced RUL proxy while preserving its
monotone dependence on Wr, so moderate threshold uncertainty affects the reported RUL
percentage more than the qualitative ranking of motors by degradation severity.

2.5. Implementation Summary and Parameterization

To facilitate reproducibility and deployment from SCADA /historian tags, Algorithm 1
summarizes the end-to-end computation of the temperature-weighted work (TWW) index
and its mapping to a normalized health/RUL proxy. Table 1 lists the key implementation pa-
rameters that must be selected for a given plant, including the resampling step At, operating-
state filters, and outlier mitigation via robust phase-wise temperature consolidation.

Table 1. TWW implementation parameters used in this study.

Parameter Description Value
At Resampling step 1s
Resampling method ~ Synchronization of asynchronous historian tags onto {t;} Cubic spline interpolation
Pmin Minimum power threshold for operating-state filter 1kW
fr(-) Winding temperature consolidation median
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Algorithm 1 Temperature-Weighted Work (TWW) computation and failure-referenced RUL
proxy mapping.

Time-stamped SCADA signals: phase winding temperatures Ty;(t), Ty (t), Tw(t),
speed S(t), torque 7(t), and input electrical power P(t). Parameters in Table 1, includ-
ing At, operating-state thresholds, and Wr ,ijure. Cumulative index Wr; and proxy
RUL; on the synchronized grid. Define a uniform time grid {t;}Y; with step At = 1s
over the analysis window. Resample each asynchronous historian tag onto {t;} using
cubic spline interpolation (no extrapolation beyond available timestamps).

1: Operating-state (load) filter: mark sample i as valid if the motor is energized /loaded:

P; > Pmin-
2: Phase-to-winding temperature consolidation: compute a robust winding-temperature estimate:
Ti = fo(Tu,i, Tv,i, Tw,i),

where fr(-) suppresses single-phase sensor spikes (in this work, fr = median).
3: Online thermal statistics: update the running mean y; and standard deviation o; using
only valid samples (Equations (1) and (2)).
4: Thermal weight: compute:
w; = exp(Ti_‘ui).
i

{WT/il + w; S; T; At, if sample i is valid,

5: Cumulative TWW: update:

Wr;i =
’ Wri1, otherwise.

6: Failure-referenced RUL proxy: map the cumulative index to a percentage scale using
the empirical terminal threshold:

Wr

RUL; = <1 —
! WT,Failure

) x 100.

3. Results

The proposed TWW framework was validated utilizing industrial field data from
SCADA /historian systems through a three-step process. Initially, the SCADA dataset and
the implementation decisions necessary for computing the TWW index from archived
historian tags are delineated. Subsequently, the consistency at the fleet level between the
accumulated TWW exposure and documented failure/removal events is assessed. Finally,
forward-looking case studies are presented, wherein motors identified as high risk by the
TWW index were preemptively removed from service and were later found to exhibit
stator-winding degradation upon inspection.

3.1. SCADA Dataset and Implementation Choices

This section provides an overview of the SCADA /historian environment, detailing the
available tags and sensor configurations, the event records utilized to identify end-of-life
reference points, and the specific implementation strategies employed to calculate the
proposed temperature-weighted work (TWW) index from archived historian data.

3.1.1. SCADA System and Data Acquisition

The dataset utilized in this study was sourced from an industrial supervisory control
and data acquisition (SCADA) environment, where motor operating variables are measured
at the equipment level and archived in a historian for monitoring and maintenance analytics.
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In the deployment under consideration, field devices, such as motor drives and/or local
controllers, transmit measurements to a SCADA server that facilitates both (i) real-time
visualization through an operator dashboard and (ii) long-term storage in a historical
repository (historian). All analyses presented in this paper are based on the archived
historian records extracted over the study horizon.

3.1.2. Measured Tags, Sampling, and Event Labeling

An algorithm based on the TWW methodology was utilized to examine real-world
SCADA-level operational data from industrial motors, with the aim of validating its pre-
dictive capabilities. The dataset consisted of low-frequency historian tags, such as winding
temperature, motor speed, and torque (or load), which were recorded by the existing
SCADA system without the need for additional instrumentation. The primary objective
was to ascertain whether the cumulative TWW, calculated from these historian tags, aligns
with documented failure or removal events and whether it offers stable degradation trajec-
tories under conditions of real operational variability.

Table 2 summarizes the operating envelope of the monitored motors in terms of
speed, torque, and winding temperature. Across all four motors, the recorded histories
are consistent with variable-duty operation that includes shutdown or idle intervals rather
than tightly controlled steady-state loading. The presence of zero or near-zero speed and
torque values, therefore, motivates the use of the operating-state filter described below so
that TWW accumulation is concentrated on energized and sufficiently loaded periods.

Table 2. Operating-condition summary for the monitored motors included in the field validation.

Motor Speed Range (rpm) Torque Range (Nm)  Temperature Range (°C)
A 0-1711 0-16,262 16-100
B 0-1700 0-16,132 17-99
C 0-1780 0-16,671 12-80
D 0-1781 0-16,672 12-82

Each motor was equipped with phase-specific winding temperature readings from
a three-phase machine. The three-phase signals are denoted as Ty;(t), Ty (t), and Ty ()
for phases U, V, and W, respectively. Additional parameters utilized in the computation
include motor speed S(t), motor torque 7(t) (or an equivalent drive-provided load/torque
estimate), and input electrical power P(t) for operating-state filtering. Because these histo-
rian tags are generally asynchronous, they cannot be used directly in pointwise work and
weighting calculations. Accordingly, all signals were synchronized onto a common uniform
time grid, after which the implementation choices used for TWW computation were applied
as described in Section 3.1.3. In order to support the failure-referenced mapping employed
in this study, historical time series data are correlated with maintenance and/or inspection
records that provide timestamps for documented failure or removal events. These records
are utilized to establish end-of-life reference points and to determine the empirical failure
threshold Wr paijure, Which is used as a proxy for normalized health/remaining useful
life (RUL).

3.1.3. Implementation Choices for Computing the TWW Index

At each time point, the phase-specific winding temperature readings were aggregated
into a single representative temperature by calculating the median value across sensors.
This median calculation mitigated the impact of any individual faulty or drifting channel
and filtered outlier values resulting from sensor errors, such as spurious spikes or drift,
as illustrated in the representative case shown in Figure 7, without the application of
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additional temporal smoothing. In this context, outliers refer to erroneous values generated
by a malfunctioning sensor channel rather than empty or missing readings. In addition, in
many industrial SCADA environments, phase-resolved electrical quantities such as voltage
imbalance indicators are not consistently archived or available at sufficient quality for
routine prognostic use.

The temperature-dependent weight function w(T) employed in the TWW calcula-
tion, exemplified in Figure 8, was designed to allocate relatively modest weights within
the nominal operating range, with progressively larger weights as the winding temper-
ature approached the upper segment of the observed distribution. This design choice
enhances the influence of high-temperature operating conditions on the accumulated TWW
index while maintaining computational efficiency for historian-based deployment. These
implementation decisions form the foundation for all subsequent TWW trajectories and
RUL estimates presented in this section, establishing a direct link between the general
methodology (Section 2) and its practical application in an industrial SCADA environment.

3.2. Fleet-Level Correlation Between TWW and Motor Failures

Utilizing the TWW algorithm across multiple motors with SCADA historian data
demonstrates a distinct correlation between accumulated temperature-weighted work
exposure and documented failure or removal outcomes. Figure 10 illustrates the failure-
referenced RUL trajectories for several motors, units that subsequently failed or were
removed due to winding-related issues exhibit a more rapid decline and reach the failure
threshold sooner than motors that remained operational over the same timeframe. Specifi-
cally, Motors A, B, C, and D accumulate higher TWW and display trajectories consistent
with their documented failure or proactive removal timelines. Notably, despite the inputs
being limited to low-frequency, asynchronously reported SCADA tags, the computed tra-
jectories remain smooth and sufficiently monotonic to facilitate fleet-level screening and

maintenance prioritization.
Motor A

90 Motor B

80 Motor C
Motor D

70
60

50

RUL(%)

[

40
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10 ﬁ
0 T T T T T T 1

0 10 20 30 40 50 60 70
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Figure 10. Remaining useful life (RUL) trajectories for the monitored motors, obtained by linearly
mapping the cumulative TWW index to a percentage scale. The vertical axis reports RUL in percent,
where 0% corresponds to the established TWW failure threshold (i.e., reaching this threshold implies
RUL = 0). Motors A and C reach 0% RUL within the observation window and subsequently fail,
consistent with documented winding-related failures. Motors B (red) and D (purple) decline toward
very low RUL values and are proactively removed when their trajectories approach the 0% threshold,
indicating that their accumulated TWW is near the empirical failure limit at the time of removal. The
remaining motors maintain positive RUL margins over the same period, consistent with continued
operation. The figure should therefore be interpreted as showing the relative timing of threshold
approach, documented failure, and proactive removal events for the highlighted units.
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In comparison to simpler metrics such as cumulative operating hours or unweighted
mechanical work, the TWW index provides a more informative case-based differentiation
between motors that predominantly function under favorable thermal conditions and those
that, despite delivering similar mechanical outputs, frequently encounter elevated winding
temperatures. In several instances, motors with high Wt values demonstrated operating
hours and unweighted work levels akin to those of healthy units, highlighting the role
of temperature weighting in capturing additional degradation associated with adverse
thermal environments under the SCADA constraints considered here.

3.3. Case Studies of Proactive Motor Removal and Inspection

Following the implementation detailed in Section 2, two motors (B and D) were
identified by TWW as high-risk, exhibiting low failure-referenced Remaining Useful Life
(RUL) values derived from historian temperature, speed, and torque data. As illustrated
in Figure 10, both units display trajectories nearing the 0% threshold, which corresponds
to the calibrated Wr gajjure limit. Based on this indication, the motors were preemptively
removed from service for inspection. In both instances, the inspection confirmed stator-
winding degradation indicative of incipient failure, such as insulation breakdown, which
may not immediately trigger a shutdown but can progressively diminish performance and
reliability. A representative example is depicted in Figure 11. These case studies provide
prospective evidence that a SCADA-derived TWW index can facilitate actionable screening

and timely maintenance decisions.

Figure 11. Stator winding condition of Motor B after proactive removal. Discoloration and insulation
degradation are visible, confirming the prediction from the TWW-based RUL estimator that the motor
was approaching failure.
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Motors B and D collectively demonstrate the practical application of the proposed
failure-referenced Remaining Useful Life (RUL) proxy as a screening criterion in historian-
based monitoring systems. In both instances, the trajectories depicted in Figure 10 ap-
proached the 0% threshold prior to removal, and subsequent inspections confirmed winding
degradation (Figure 11). This evidence supports the utilization of TWW as an early-warning
indicator within the constraints of SCADA systems.

3.4. Baseline Benchmarking Against Calendar Age and Unweighted Mechanical Work

To evaluate the practical utility of temperature weighting beyond standard SCADA-
feasible baselines, the proposed temperature-weighted work (TWW) index is compared
with (i) a calendar-age baseline (time since operation) and (ii) an unweighted cumulative
mechanical work baseline derived from torque-speed measurements. This benchmarking is
presented as a transparent, case-based comparison aimed at isolating the incremental value
of temperature weighting relative to the two SCADA-feasible baselines. Table 3 provides a
compact summary of the terminal baseline values explicitly stated in the manuscript for
the four highlighted motors.

The calendar-age baseline is defined as the duration of calendar time that has elapsed
since the commencement of operation (commissioning), expressed in months. This baseline
is frequently employed for scheduling maintenance based on time intervals; however, it
does not consider variations in duty cycle, loading intensity, or thermal severity.

Table 3. Case-based summary of the terminal baseline values for the four highlighted motors.
Calendar age is reported at the grouped level, and the final temperature-weighted work (TWW)
values are reported for each motor to support the comparison of terminal consistency across assets.

Motor Calendar Age Unweighted Work Final Wt

A approximately 50 months  <0.8 x 10° kW h 2.01 x 10* kW h
B approximately 50 months  <0.8 x 10° kW h 1.91 x 10* kW h
C approximately 60 months  >1.6 x 10 kW h 2.13 x 10* kW h
D approximately 60 months 1.6 x 10 kW h 1.99 x 10* kW h

To establish a baseline for usage that accurately reflects mechanical loading, the un-
weighted cumulative mechanical work is calculated based on torque-speed measurements.
Following the exclusion of idle or low-load periods through the application of an operating-
state filter, the unweighted work is:

W(te) = Y I{P; > Pmin} Si T; At, (25)

i<k

where Ppin removes non-operating or lightly loaded intervals. Here, S; and 7; denote the
synchronized speed and torque samples, respectively.

The proposed TWW index retains the same accumulation structure, yet it assigns a
temperature-dependent weight to each incremental work contribution:

WT(tk) = ZH{PI > Pmin} w; Si TZ'Al’, (26)

i<k

where w; = exp((T; — u;)/0;) increases the contribution of work performed under elevated
thermal conditions. A purely temperature-only baseline was not emphasized in the present
comparison because temperature alone does not distinguish between thermal exposure
accumulated under materially different torque-speed loading histories, which is the princi-
pal motivation for formulating TWW as a temperature-weighted work metric rather than
as a temperature-only indicator.
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As summarized in Table 3, the calendar-age baseline exhibits substantial variability
among the assessed units: two assets reached the end of life at approximately 50 months
of operation, whereas others did so at approximately 60 months. This variation suggests
that the time since the operation does not consistently capture differences in operational
severity across assets.

Table 3 and Figure 12 indicate that the unweighted cumulative mechanical work
baseline exhibits substantial variability at the end of life. Specifically, Motors C and D exceed
approximately 1.6 x 10° kW h equivalent of mechanical work by the end of life, whereas
Motors A and B remain below approximately 0.8 x 10° kW h equivalent. In contrast, the
terminal TWW values are more tightly clustered across the same motors, indicating lower
spread at the terminal events than for unweighted cumulative work. This spread reflects
differences in duty cycle and loading history, indicating that unweighted accumulation
does not provide a consistent terminal exposure across assets.

6
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Figure 12. Unweighted cumulative work/energy baseline versus time for the four motors. The
terminal baseline values vary substantially across assets (Motors C and D exceed 1.6 x 10 kWh,
while Motors A and B remain below 0.8 x 10° kW h, illustrating that unweighted accumulation does
not yield a consistent end-of-life exposure across differing duty cycles.

In contrast to calendar age and unweighted work, the proposed TWW index offers a
more consistent terminal value at the end of life across the motors. As indicated in Table 3,
this behavior aligns with the intended function of TWW as a lightweight degradation
index that simultaneously reflects mechanical usage (work) and thermally accelerated
damage mechanisms (via w;). Under the SCADA constraints considered in this study,
temperature weighting reduces the dispersion in terminal exposure observed with time-
only or unweighted accumulation baselines, thereby providing a more comparable end-of-
life reference across assets with differing operating profiles.

4. Conclusions

This study presents a SCADA-based temperature-weighted work (TWW) index for
the monitoring of stator-winding insulation degradation and winding-related failures in
three-phase motors. The method is tailored for typical historian environments, which
are characterized by asynchronous tag updates, heterogeneous reporting intervals, and
inter-tag time misalignment. To function effectively under these constraints, the approach
involves resampling low-frequency torque, speed, power, and phase winding-temperature
tags onto a uniform time grid, while restricting computation to energized, load-bearing
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operation through the use of an operating-state filter. The TWW index encapsulates ther-
momechanical exposure into a single, physically interpretable trajectory by accumulating
incremental mechanical work and exponentially weighting samples recorded at elevated
stator-winding temperatures.

Within the examined fleet, the cumulative TWW trajectories derived from SCADA
data align with documented terminal events related to winding issues, such as insulation or
connection degradation. Motors that exhibited winding degradation accumulated higher
TWW compared to those that remained operational throughout the observation period.
Furthermore, two motors identified as high risk by the proposed proxy were preemptively
removed and subsequently confirmed, through inspection, to display early signs of winding
damage. From an implementation perspective, the workflow demonstrates resilience
to practical SCADA data-quality challenges: asynchronous tags are synchronized via
resampling, non-informative intervals are excluded using an energized/load filter, and
occasional erroneous temperature values (spikes or drift) are addressed through phase-wise
median consolidation rather than discarding samples based on outlier thresholds. In this
study, RUL is conceptualized as a normalized, failure-referenced health proxy, obtained by
mapping Wr(t) to an empirically determined terminal threshold Wr p,i1ure, rather than as an
absolute probabilistic prediction of time-to-failure applicable across different motor classes.

The proposed framework is characterized by its lightweight nature, scalability, and
ease of interpretation for maintenance engineers. In practical deployments, the proposed
TWW index is particularly well suited for fleet screening, risk ranking, and maintenance
decision support. In this role, it can help maintenance teams identify motors approaching
the empirically calibrated failure region, prioritize inspection or replacement candidates,
and monitor the relative evolution of winding-related degradation across assets operating
under different duty cycles. In the present case-based comparison, it provides a more
consistent terminal failure-referenced indicator than SCADA-feasible baselines such as
calendar age and unweighted mechanical work by explicitly accounting for thermally
accelerated degradation. A critical practical consideration is that the failure-referenced
threshold Wr p,ijure is dependent on the fleet and context, necessitating calibration from
documented events for each specific application. In addition, when torque is obtained from
a drive-provided load/torque estimate rather than from a direct measurement, the accuracy
of that estimate may depend on the operating regime, particularly at low speed or light load.
More broadly, the proposed TWW index should be interpreted as a SCADA-level indicator
of cumulative winding thermal-degradation severity rather than as a dedicated detector of
phase-imbalance faults or a direct model of all electrical degradation mechanisms in stator
windings and insulation systems.

Future research will concentrate on the systematic calibration of thresholds across
various motor classes and operating regimes, the integration of TWW with complementary
SCADA-derived indicators, and the incorporation of the metric into online monitoring
dashboards to provide continuous decision support. Additional extensions include combin-
ing the proposed indicator with a simple Bayesian RUL filtering framework, evaluating its
applicability across other drive classes and motor configurations, and developing adaptive
calibration strategies in which the threshold Wr gajjyre is updated online as additional fleet
failure and inspection data become available. Future work will also evaluate the framework
on synthetic data and physics-based simulation environments to assess generalizability be-
yond the present industrial field deployment, particularly because many public prognostics
benchmarks do not directly reproduce the low-frequency, asynchronous SCADA /historian
conditions targeted here.
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