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ABSTRACT Power electronic systems in autonomous vehicles and mission-critical applications are highly
susceptible to overheating due to operational inefficiencies. These systems often rely on liquid cooling loops
to maintain safe temperatures. However, blockages in cooling loops can lead to temperature rises, component
degradation, and eventual system failure. This paper presents a digital twin (DT) approach that enables
early detection of coolant-loop blockages and provides a framework for developing autonomous rectification
of cooling loop blockages using only temperature sensors. The proposed method integrates transient and
steady-state thermal models to detect anomalies and predict system behavior in real-time. A robust detection
logic, comprising five independent threshold-based switches, identifies deviations from normal behavior
while avoiding false positives. Experimental validation is conducted using a physical testbed to evaluate
performance under varying blockage conditions. The system detects blockages in less than 1 min, with
temperatures remaining roughly 25 ◦C below the maximum operating temperature of 80 ◦C, well within
safe operating limits. This approach eliminates the need for additional sensing hardware and is well suited
to embedded and remote applications.

INDEX TERMS Digital Twin, Blockage Detection, Cooling System, Power Electronics, Decision Making.

I. INTRODUCTION

AUTONOMOUS vehicles (AVs) are increasingly utilized
in private, commercial, industrial, and military appli-

cations to minimize or eliminate human interaction in haz-
ardous or challenging conditions. Many AVs are partially or
fully electric vehicles (EVs), necessitating advanced power
electronic systems, such as power converters that inherently
generate significant heat due to operational inefficiencies.

Electronic systems are highly sensitive to temperature
fluctuations; exceeding temperature thresholds can critically
impact performance and reliability, accelerate component
degradation, and contribute to approximately 55% of elec-
trical device failures [1]. Even minor temperature variations
within acceptable limits can cause undesirable performance
deviations and cumulative component degradation over time.
Hence, precise temperature monitoring and control through
integrated temperature sensors are essential for maintaining
system stability, reliability, and longevity. To address this

issue, integrated temperature sensors are commonly embed-
ded in power electronic components to enable real-time ther-
mal monitoring. Thermal management for power electron-
ics commonly relies on air cooling or liquid cooling. Air
cooling is simple and widely used; however, it offers limited
thermal capacity compared to liquid cooling, especially for
high-power components [2]. Liquid cooling is thus the pre-
ferred method in high-voltage power electronic applications.
Various liquid cooling techniques have been investigated,
including immersion and spraying, which provide superior
heat transfer. Nevertheless, piped coolant systems and heat
exchangers are more widely used because of their simpler
design, fewer operational constraints, and recent advances in
heat exchanger technology, materials, and assembly [3].

Despite their effectiveness, liquid cooling systems remain
vulnerable to fluid blockages. In this work, blockages are
defined as persistent and unwanted restrictions to fluid flow
within piping systems, and may be referred to as restrictions,
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flow reductions, or cooling system foulings. In any piping
system blockages can be produced by obstruction to the fluid
flow and can occur in varying levels of fluid flow reduction.
There are methods to reduce the risk of blockages being
formed in a system, such as using filters; however, it is
nearly impossible to completely remove this risk in practical
applications. Thus, it is vital that a system relying on liquid
cooling be capable of detecting blockages when they form.
The capability of a system to detect a cooling loop blockage
before it produces critical temperatures in the affected sys-
tem is essential for the continued and prolonged use of that
system. This is of great concern to AVs in particular, as they
are often intended for long, unmanned missions in which a
critical system failure would likely result in the loss of the
AV and the failure of the mission.

Detecting a cooling loop blockage alone, while useful, does
not allow for a system to continue operation. Autonomous
systems must also be capable of rectifying blockages to
continue operation. Self-healing strategies may include auto-
matically clearing the blockage, rerouting power away from
affected modules, or redirecting coolant flow around the
blocked location. Such autonomous detection and response
requires real-time monitoring, intelligent fault diagnosis, de-
cision making, and control. This blockage detection, and de-
cision making can be accomplished through the use of Digital
Twin (DT) technology. A DT is a virtual representation that is
dynamically updated with data from its physical counterpart,
has predictive capability, and informs decisions [4]. In this
work, telemetry from the Physical Twin (PT) updates the
model in real-time, and the resulting diagnostic recommen-
dations are acted upon by a human in the loop. The opera-
tor serves as the decision-making component that translates
model outputs into adjustments on the hardware (e.g., power
or flow changes), thereby providing bidirectionality while
preserving operator authority. The same decision logic can
be integrated into an application layer to enable automated
closed-loop control in future deployments, consistent with
established views of the digital-twin paradigm and character-
istics discussed in [5]–[7] and recent DT-enabled real-time
monitoring/control frameworks [8].

Digital Twins were first introduced in 2003, and are gener-
ally considered as a digital equivalent to a physical entity [9]–
[11]. However, this definition more closely refers to a cy-
bermodel or virtual representation of a physical entity [12].
Digital Twin technology allows for real-time interaction be-
tween sensor data and physical systems [13], [14]. In practice,
a DT is a virtual model of a physical component or system
that integrates real-time sensor data to allow for simulation,
prediction, performance optimization, or other procedures
using communication to and from the physical component
or system [15]–[17]. A properly developed DT must be a
faithful representation of its respective physical component
or system. In this work, ‘‘faithful” means calibrated to repro-
duce the PT’s nominal, healthy operating envelope under the
same inputs and boundary conditions; departures between PT
measurements and the DT’s predicted healthy response are

treated as fault signatures. Achieving an accurate representa-
tion is generally accomplished through analytical and data-
driven characterization or calibration of the DT and/or the
respective physical component it is intended to model [18].
Proper calibration allows for the DT to accurately model
the performance and function of its physical mirror, referred
to as the Physical Twin. Once calibrated, the DT found in
this work will utilize temperature sensors commonly embed-
ded within power electronic components, allowing precise
modeling of thermal responses for predictive and preventive
maintenance [19], [20].
Historically, DTs have proven their effectiveness to op-

timize, monitor, and predict system health and operational
performance across various domains [21], [22]. In aerospace
applications, DTs have been used by theNational Aeronautics
and Space Administration (NASA) and other organizations to
monitor air-frame health for aircraft and spacecraft in differ-
ent operating conditions [23]–[25]. Machining processes for
aerospace components have also included DT technology for
better autonomous management [26]. General Electric (GE)
and Siemens have developed DTs for use in industrial manu-
facturing applications [27], [28]. Digital Twin technology has
been implemented recently by the United States Navy for use
in naval operations and shipbuilding procedures [29]–[31].
Recently, the authors demonstrated the use of DT for thermal
management of simulated electronic systems, successfully
implementing blockage detection capabilities [32].
A range of blockage detection strategies have been pro-

posed for other domains. In oil and gas pipelines, block-
ages have been detected using computational fluid dynam-
ics (CFD) and comparison of predicted and measured flow
profiles [33]. Other approaches include triboelectric nano-
generators for leak detection [34], pressure wave analysis for
internal pipe geometry reconstruction [35], and acoustic wave
propagation for blockage localization [36]. Additional meth-
ods employ liquid level monitoring in sewage systems [37],
acoustic sensing combined with neural networks [38], pres-
sure pulse attenuation [39], and frequency response analy-
sis [40], [41].
While effective in their fields, these existing blockage

detection methods do not address the specific constraints
of power electronic cooling systems and often require cus-
tom instrumentation, invasivemeasurements, or offline analy-
sis. In pipeline-oriented diagnostics, frequency-response and
inverse-transient methods can detect and sometimes locate
partial or extended blockages; however, they typically require
modification to allow the addition of pressure/flow trans-
ducers, and deliberate transient excitation (e.g., rapid valve
actions or injected pressure waves), with analysis commonly
performed offline [40]–[42]. Acoustic approaches includ-
ing high-frequency acoustic/transient-wave techniques and
acoustic reflectometry depend on specialized transducers and
non-trivial signal processing and are frequently deployed as
scheduled inspections rather than continuously [43], [44];
recent LFM-based implementations likewise require dedi-
cated acoustic hardware [45]. A survey inventories these
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FIGURE 1. Power system under study, consisting of three parallel
converter modules delivering power to a DC bus. Each converter is
thermally managed by an independent liquid-cooling loop with inlet and
outlet manifolds. This configuration forms the basis for the digital twin
used to detect coolant blockages using only temperature sensor data.

method families and discusses deployability and instrumen-
tation trade-offs [46].

The installation of pressure transducers or flow meters
to an existing system requires inline piping modifications
and planned downtime; similarly, many acoustic/frequency-
response approaches are inspection-oriented with post-
processing, which implies partial or total system deactiva-
tion for reliable execution. In 2024, a foundation was de-
veloped for the detection of blockage formation in water-
cooled power electronics using a digital shadow [47]. While
this work addresses the specific constraints of liquid-cooled
power electronics, it does not provide embedded real-time
operation and focuses on modeling behavior under blocked
conditions rather than continuous detection. Therefore, this
paper presents a novel digital twin-based approach to block-
age detection designed for liquid-cooled power electronic
systems that uses only temperature sensors, which are typ-
ically pre-installed on many power electronic components.
The contributions are twofold. First, an integrated DT com-
bining transient and steady-state thermal models in real-time
for rapid and accurate blockage detection is introduced. Sec-
ond, experimental validation on a realistic physical testbed
demonstrates blockage detection within 1min while main-
taining safe system temperatures.

II. PHYSICAL TWIN ARCHITECTURE
The system under study consists of three parallel power con-
verter modules delivering power to a DC bus, as shown in
Figure 1. Each module is thermally managed by a dedicated
liquid-cooling loop, consisting of inlet and outlet manifolds.
This physical configuration supports the development of a DT
capable of detecting and mitigating coolant blockages in real
time by relying solely on temperature sensor data, as intro-
duced in Section I. The physical testbed, shown in Figure 2,
was specifically designed to emulate the thermal behavior of a
system consisting of three parallel power converter modules,
as depicted in Figure 1. In this work, this testbed will be
referred to as the PT. The PT replicates converter thermal
dynamics using three discrete heater elements, each bonded
to an aluminum heat exchanger with thermally conductive
adhesive to represent the heat sinks found in commercial

FIGURE 2. The experimental Physical Twin testbed designed to emulate a
liquid-cooled power electronics system. Key components include three
heater modules (bottom left), a pump and filter (bottom right), a radiator
(top right), and the data acquisition/digital twin hardware (top left).

power electronics. Each heater–heat sink pair forms amodule,
referred to as a heater block. The cooling system is imple-
mented as a closed-loop fluid circuit that includes a pump,
radiator, fluid reservoir, and inline filter. The cooling fluid
in use is a mixture of 40% propylene glycol by weight with
deionized water and a corrosion inhibitor. Proportional con-
trol valves are placed at the inlet manifold to emulate partial
or complete flow blockages, enabling controlled validation of
the blockage detection strategy developed in the DT.
The data acquisition system is built around a National

Instruments CompactRIO (cRIO-9035) platform. It interfaces
with pressure, temperature, and flow sensors installed at key
locations in the system, as shown in Figure 3. Although
flow and pressure sensors were utilized during system char-
acterization and calibration phases, blockage detection was
performed exclusively using temperature measurements from
surface mount, k-type, stick-on thermocouple sensors affixed
to the heater modules [48]. The temperature measurement
uncertainty is determined from the thermocouple and acquisi-
tion specifications (accuracy and response time per manufac-
turer datasheet and DAQ configuration), and this uncertainty
contributes directly to the PT-DT residual used for detection.
Later, the developed DT was deployed at a sampling rate of
1 Hz on the cRIO-9035, which was responsible not only for
data acquisition but also for executing the DT models and
detection logic in real time. This setup enabled continuous
temperature data analysis and autonomous identification of
coolant blockages within the physical system.

III. DIGITAL TWIN SYSTEM OVERVIEW AND
DEVELOPMENT
As shown in Figure 4, the DT-enabled detection framework
ingests Physical Twin (PT) temperature measurements and
power commands, computes diagnostic indicators in the dig-
ital model, and outputs a blockage status for operator action;
the two core modules are: the digital model (transient +
steady-state) and the detection logic. Telemetry from the PT
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FIGURE 3. A schematic of the Physical Twin testbed, illustrating the parallel coolant flow paths to the three heater modules, sensor locations (flow,
pressure, temperature), and power input locations. While the system includes various sensors for general system monitoring, only the highlighted
temperature sensors were used for the tests conducted in this paper.

FIGURE 4. System architecture of the digital twin. The DT receives power
and temperature data from the physical twin, which it processes using
real-time transient and steady-state models to perform blockage
detection and enable decision-making. Bidirectionality is currently
provided by a human in the loop who applies recommended power or
flow adjustments; the same pathway is automatable.

updates the model in real-time, and the return path is human-
in-the-loop. The operator serves as the decision-making com-
ponent, translating model recommendations into adjustments
on the hardware (e.g., power or flow changes). This provides
bidirectionality while preserving operator authority; the same
decision logic can be integrated into an application layer to
enable automated closed-loop control in future deployments.

A. DIGITAL MODEL
The digital model comprises a transient thermal model and
a steady-state temperature model that run in real time at
1 Hz on the NI cRIO-9035. These models are designed to
be computationally light to allow for real time operation on
standard NI hardware. The transient model is a calibrated
physics-based reconstruction of the PT. Given power inputs
and environmental measurements, it simulates the healthy
thermal response of the PT and produces real-time temper-

ature estimates that match the system under the same inputs
and boundary conditions. The steady-state model computes
an instantaneous healthy-state bound that is used for fast
cross-checks. Figure 4 shows the overall DT–PT integration
and Figure 5 summarizes how these model outputs are con-
sumed by the detection logic. Both models are consistent
with Fourier’s law of conduction in (1) and Newton’s law of
cooling in (2). The symbols used in those relations are listed in
Table 1. The specific model instantiations used for simulation
and detection are given in the following.

q = −k · ∇T (1)

q = hc · A · dT (2)

TABLE 1. Variables used in equations (1) and (2).

Variable Name Symbol

Heat Flux q

Heat Conduction Coefficient k

Temperature Gradient ∇T
Heat Convection Coefficient hc
Heat Exchanger Surface Area A

Infinitesimal Temperature Difference dT

Transient model: Each cooled module i = 1, . . . ,N
is represented as a thermal mass Ci with temperature
Ti. The coolant manifold is represented by well-mixed
one-dimensional segments with temperatures Tf ,s and vol-
umes Vs. Measured or commanded inputs are the module
powers Pi, the mass flow ṁ, the inlet fluid temperature Tf ,in,
and the ambient temperature T∞. The module energy balance
is

Ci
dTi
dt

= Pi − hiAi (Ti−Tf ,σ(i)) −
∑

j∈N (i)

kij (Ti−Tj), (3)
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where hiAi is the effective convection conductance to the
adjacent fluid segment σ(i) and kij are lumped conductive
couplings to neighboring modules N (i). The fluid energy
balance for segment s is

ρcpVs
dTf ,s
dt

+ ṁcp (Tf ,s − Tf ,s−1)

=
∑

i∈M(s)

hiAi (Ti − Tf ,s) − UwAw,s (Tf ,s − T∞)
(4)

with ρ and cp the fluid density and heat capacity, UwAw,s a
wall-to-ambient conductance, and M(s) the set of modules
exchanging heat with segment s. For s = 1, the upstream
temperature is Tf ,0 = Tf ,in. Boundary conditions are imposed
via the measured inlet coolant temperature (Tf ,0 = Tf ,in)
and the measured ambient temperature (T∞). Assumptions
include incompressible single-phase flow, one-dimensional
advection, and well-mixed nodes so the model executes deter-
ministically at 1 Hz for the seconds-to-minutes detection time
scale. The Simscape implementation uses Thermal Mass,
Temperature Source, Heat Flow Rate Source, Conductive
Heat Transfer, and Convective Heat Transfer blocks, which
implement the balances in (3) and (4).

Solver and discretization: The network is integrated with
an implicit backward-Euler scheme with step ∆t = 1 s
synchronized to the sensor stream. For module i, (3) leads to Ci
∆t

+ hiAi +
∑

j∈N (i)

kij

T k+1
i −

∑
j∈N (i)

kijT
k+1
j − hiAi T

k+1
f ,σ(i)

=
Ci
∆t

T k
i + Pki . (5)

and for fluid segment s, (4) givesρcpVs
∆t + ṁcp + UwAw,s +

∑
i∈M(s)

hiAi

T k+1
f ,s − ṁcp T

k+1
f ,s−1

−
∑

i∈M(s)

hiAi T
k+1
i =

ρcpVs
∆t T k

f ,s + UwAw,s T k
∞. (6)

At each 1 Hz cycle the linear system formed by (5) and (6)
is solved to obtain {T k+1

i ,T k+1
f ,s }. Initial conditions are the

measured temperatures at model start.
Steady-state model: In parallel, the steady-state branch

computes an instantaneous healthy-state bound for compar-
ison

Tss(t) = T∞(t) +
P(t)
hA

, (7)

where P(t) =
∑

i Pi(t). The aggregate conductance hA is
identified from healthy calibration data by fitting steady-state
temperature versus power. When per-module parameters are
available the per-module form Tss,i = T∞ + Pi/(hiAi) is
used. This bound is referenced by the detection logic shown
in Figure 5 as the physical-limit check.

Runtime interface with detection:At each second the PT
provides Tf ,in, T∞, ṁ, and {Pi} to the model. The outputs
{TDT

i } and {TDT
f ,s } are compared with PT temperatures to

form residuals and features used by the five-switch detection
logic described in the following subsection and summarized
in Figure 5.

B. BLOCKAGE DETECTION
Since the DT is designed to be a faithful representation of the
PT under standard, healthy operational conditions, the block-
age detection algorithm is able to compare temperature data
from the PT against the healthy temperature data provided by
theDT. This comparison is executed through five independent
logic procedures, each implemented as a binary switch. Every
switch outputs a high signal when a specific discrepancy is
detected and a low signal when no anomaly is present. Each is
tailored to identify a distinct thermal behavior pattern associ-
ated with coolant blockages, contributing to a comprehensive
and robust detection mechanism. These switches are outlined
in Figure 5 and are explained in detail in the following.
1) Temperature Inconsistency Switch 1 compares the

real-time simulated temperature from the DT (TDT)
with the measured temperature from the PT (TPT).
When the absolute difference between the two values
exceeds a predefined threshold ϵT1, the switch tran-
sitions to a high state, indicating abnormal thermal
behavior. The condition is expressed as

|TPT(t)− TDT(t)| > ϵT1 (8)

2) Temperature Inconsistency Switch 2 introduces an
additional layer of filtering to reduce false-positive
detections. It follows the same logic as Switch 1 but
applies a higher threshold ϵT2. Switch 2 applies a
higher residual threshold and a longer persistence win-
dow to the same PT–DT temperature residual used by
Switch 1. Together they act as a sensitivity–specificity
pair; Switch 1 serves as an early indicator, while
Switch 2 requires a larger, sustained deviation before
contributing to the final decision. The corresponding
condition is

|TPT(t)− TDT(t)| > ϵT2 (9)

3) Temperature Change Derivative Switch evaluates
the rate of temperature variation to assess the likelihood
of a blockage. It calculates the time derivative of the
temperature measurements from both the PT and the
DT, then compares their difference to a predefined
threshold ϵ dT

dt
. Blocked coolant paths typically exhibit

rapid heating and delayed cooling, deviating from the
expected thermal profile. This behavior is illustrated in
Figure 6. The detection logic is defined as

dT
dt

=
T (t)− T (t −∆t)

∆t
(10)∣∣∣∣(dTdt

)
DT

(t)−
(
dT
dt

)
PT

(t)

∣∣∣∣ > ϵ dT
dt

(11)

Because this switch uses derivative information, it is
sensitive to measurement noise and therefore performs
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FIGURE 5. Detailed logic of the blockage detection module. The system continuously compares real-time data from the Physical Twin (PT) with data from
the transient and steady-state digital models. A blockage warning is triggered only if the discrepancies exceed all five predefined thresholds, ensuring a
robust detection mechanism.

FIGURE 6. Characteristic thermal signatures of a liquid-cooled system.
Compared to normal (unblocked) behavior, a blocked cooling line causes
temperatures to rise more rapidly during heating and cool more slowly
once the heat source is removed. This distinct change in the
temperature’s rate of change (dt/dT) is a key indicator used for detection.

more effectively when thermal data is partially filtered.
Despite this sensitivity, it serves as an early indicator of
emerging blockages in the cooling loop.

4) Inter-Module Comparison Switch examines temper-
ature disparities between modules to identify flow re-
distribution caused by a blockage. In a system with
constant volumetric flow, the total coolant flow rate,
QTotal, is the sum of the flow through each module

QTotal = Q1 + Q2 + Q3 + ...+ Qn (12)

For the system under study with three modules, this
becomes

QTotal = QM1 + QM2 + QM3 (13)

If a blockage forms in one module, its coolant flow
rate decreases while the other modules compensate by
drawingmore flow. This redistribution leads to elevated
temperatures in the blocked module and unexpectedly
lower temperatures in the unblocked ones, disrupting
the inter-module thermal balance. An illustration of this
temperature shift is shown in Figure 7. When a block-
age occurs (e.g., in Heater 1), the reduced flow causes
a temperature rise in that module. Simultaneously, in-
creased coolant flow to neighboring modules lowers
their temperatures relative to the digital twin’s predic-
tions. The detection logic identifies abnormal behavior
by comparing the measured inter-module temperature
differences in the PT to expected values from the DT. If
the discrepancy exceeds a defined threshold, the system
switch transitions to a high state, signaling a potential
blockage.

|(∆TM1−M2)PT − (∆TM1−M2)DT| > ϵ1−2 (14)

|(∆TM1−M3)PT − (∆TM1−M3)DT| > ϵ1−3 (15)

|(∆TM2−M3)PT − (∆TM2−M3)DT| > ϵ2−3 (16)

This switch enhances system robustness and is effective
when at least one module remains unaffected, as it
enables detection of both single and multiple blockages
based on relative module temperatures.

5) Steady-State Bound Switch compares the instanta-
neous PT temperature with the healthy steady-state
bound computed from Eq. (7) for the current power

6 VOLUME 11, 2023

This article has been accepted for publication in IEEE Access. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/ACCESS.2026.3683227

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



Author et al.: Preparation of Papers for IEEE TRANSACTIONS and JOURNALS

FIGURE 7. Illustration of the inter-module temperature effect used for blockage detection. When a blockage occurs in one module (e.g., Heater 1), its
coolant flow is reduced, causing a temperature increase. This redirects coolant to neighboring unblocked modules, proportionally increasing their flow
rate and causing their temperatures to drop unexpectedly relative to the model’s prediction.

and ambient conditions. The check is evaluated every
second and does not require the PT to be at steady state.
If the PT temperature persistently exceeds the bound by
a small margin (thresholds from healthy baselines; see
Section III-B), the switch asserts. This provides a fast,
physics-based upper-limit test that complements the
transient residual, derivative, and inter-module checks
and helps suppress false positives. A significant over-
shoot may suggest flow restriction. Conversely, during
cooling, the PT temperature should approach the pre-
dicted lower steady-state temperature.
The switch behavior depends on whether the system
is heating or cooling, as determined by the sign of the
temperature derivative.

dT
dt

≥ 0 : |Tss−PT − Tss−DT| > ϵss−heating (17)

dT
dt

< 0 : |Tss−PT − Tss−DT| > ϵss−cooling (18)

The switching thresholds are set using the DT steady-
state prediction and predefined tolerance margins:

ϵss−heating = Tss−DT + Nheating (19)

ϵss−cooling = Tss−DT − Ncooling (20)

This logic allows the switch to adapt to both ther-
mal rising and falling conditions. When the measured
steady-state temperature deviates excessively from the
DT prediction, the switch transitions to a high state,
indicating a potential blockage. The adaptive design of
this switch enhances detection accuracy and minimizes
false positives in dynamic thermal environments.

Each of the switches used in the blockage detection model
serves a specific purpose, and utilizes customizable thresh-
olds to adapt to various applications and safety requirements.

Additionally, as this system ismodular, the implementation of
a digital twin for any use in liquid-cooling blockage detection
may include or exclude any combination of the previously
defined switches. This allows for significant customization,
which solidifies this technology as a versatile method of
detecting blockages in liquid-cooling loops. Furthermore, the
system as presented in this work requires all switches to be
activated before detecting a blockage, as shown in Figure 5.
However, the modularity of the system also allows for any
combination of the included switches to require activation
before a blockage is flagged. This allows for the detailed
selection of switches and activation configurations for indi-
vidual system-specific use cases. The switch and activation
configuration used for the simulated and experimental test
cases found in this paper was chosen to minimize the risk
of false positives, while other possible configurations may
slightly increase the rate at which false positives occur to
provide more rapid blockage detection. The values used for
each switching threshold are system specific, determined by
the operators based on results from preliminary testing. The
values used by the authors in the following simulated and
experimental tests can be found in Table 2.

Some approaches may consider comparison with a con-
stant temperature limit. However, a single constant limit on
a PT temperature will not signal until the PT has already
heated substantially, and it has no knowledge of the expected
steady-state temperature at the present power and ambient
temperature. As a result, such a rule tends to detect late at
low ambient or low power and to raise false alarms during hot
ambient or commanded power steps. The DT conditions its
expectations on the current inputs each second; residual and
dynamics-based tests (Switches 1–4) can indicate anomalies
even when absolute temperatures are low, and the steady-state
bound in Eq. (7) scales with power and ambient to provide
a physical upper limit. Advisory warnings from individual
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switches are possible, whereas a blockage is confirmed only
when all five switches are active for a short dwell, as shown
in Figure 5.

TABLE 2. Epsilon values used in blockage detection algorithm for
simulations and experimental testing.

Switch Name Symbol Value

Temp Difference 1 ϵT1 0.75 ◦C

Temp Difference 2 ϵT2 1.00 ◦C

Rate of Change ϵ dT
dt

0.125 ◦Cs−1

Inter-Module ϵIM 1.50 ◦C

Steady-State ϵss 0.40 ◦C

IV. INITIAL SIMULATION RESULTS
Prior to running the physical and digital twins in parallel
through experimental testing, a comprehensive simulation
study was conducted to evaluate the performance of the pro-
posed DT framework. A detailed model of the PT, incorpo-
rating thermal and fluid dynamics, was created in MATLAB
Simscape to emulate realistic system behavior under various
operating and fault conditions.

This simulated PT model was operated alongside the DT
in a synchronized simulation environment. The DT received
simulated inputs concurrently with the simulated PT and used
its internal models to predict system behavior for comparison.
Both models executed faster than wall-clock time, which en-
abled rapid validation of the detection logic before hardware
experiments. Three representative use cases were simulated to
assess the effectiveness of the blockage detection approach.

A. SIMULATED TEST 1: RAPID SINGULAR FULL FOULING
The first simulated case, illustrated in Figure 8, evaluates
the DT response to a sudden and severe blockage in one
module. A 99%flow restriction was applied to Heater Block 3
(HB3) at t = 60min. A complete blockage was not simulated
due to solver convergence limitations in the model. After the
blockage event, HB3 exhibited a rapid and sustained thermal
increase compared to the other modules. This deviation was
successfully captured by the DT detection logic. The block-
age was detected within 10min of onset, demonstrating the
DT capability to identify critical thermal anomalies under
fast-developing fault scenarios.

B. SIMULATED TEST 2: RAPID DUAL FULL FOULING
The second simulated case further demonstrates the capabil-
ity of the DT system to detect multiple simultaneous faults.
Similar to the first case, this test introduces a 99.5% blockage
in both Heater Block 1 (HB1) and Heater Block 3 (HB3)
at t = 60min. Note that while HB1 and HB3 experience a
smaller temperature increase than expected due to a limita-
tion in MATLAB Simscape, their temperatures do begin to
increasemore rapidly as a result of the blockage. As expected,
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FIGURE 8. Simulation results for a rapid 99.5% blockage induced in
Heater Block 3 (HB3) at t = 60 min. The top plot shows the temperature
divergence of HB3, while the bottom plot confirms successful detection
by the DT system.

Heater Block 2 (HB2) exhibited increased cooling due to
redirected coolant flow from the two restricted channels. This
inter-module effect, amplified by dual fouling, resulted in
an even more pronounced temperature divergence. Figure 9
illustrates the thermal behavior of all three modules and con-
firms successful detection of the dual blockagewithin 15min.
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FIGURE 9. Simulation results for a rapid dual blockage induced in Heater
Blocks 1 and 3 at t = 60 min. The temperatures of the affected modules
rise, while the unblocked module (HB2) shows a distinct cooling effect
from the increased coolant flow. The system successfully detected the
blockage within 20 min.

C. SIMULATED TEST 3: SLOW-ONSET SINGULAR FULL
FOULING
The final simulation, shown in Figure 10, evaluated the DT
system’s ability to detect a gradually forming blockage. In
this case, a linear restriction was applied to Heater Block 2
(HB2), increasing from 0% to 99.5% over the span of one
hour. The fouling event was initiated at t = 60min. The DT
detected the abnormal thermal behavior within 25min of the
onset. This result demonstrates the system’s effectiveness in
identifying progressive faults prior to the point of complete
flow restriction.
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FIGURE 10. Simulation of a gradual blockage applied to Heater Block 2
(HB2), beginning at t = 60 min and linearly increasing to 99.5% over one
hour. The DT detected the fault within 25 min, confirming its sensitivity to
slowly developing faults.

D. SIMULATION CONCLUSIONS
The results of the simulated tests demonstrated the capability
of the DT system to detect a range of blockage conditions
in liquid-cooling systems with high responsiveness. In the
rapid singular blockage case, detection was achieved within
10min of induction. When dual blockages were introduced
simultaneously, the DT identified the faults within 15min.
In the slow-onset scenario, where the blockage developed
gradually over one hour, the system successfully detected
the anomaly within 25min of initiation, well before reaching
critical flow restriction. These timeframes indicate that the
DT is capable of identifying both abrupt and progressive
failures. However, the time required for detection will depend
on the thermal characteristics of the monitored components.
Systems with higher thermal mass may exhibit slower tem-
perature dynamics, potentially extending the detection time.

V. EXPERIMENTAL TESTING RESULTS
Following simulation-based validation, experimental evalua-
tions were conducted using the PT testbed shown in Figure 2.
These experiments were designed to validate the performance
of the DT in online blockage detection under nominal and
faulted conditions. With the exception of calibration tests,
each distinct testing configuration was tested a minimum
of four times to ensure consistent operation of the DT. The
results for each test in each distinct configuration were suffi-
ciently similar to the other tests in the same configuration to
justify the presentation and discussion of only one data set per
experimental testing configuration. For the purposes of this
work, real-time means that the DT executes synchronously
with the sensor stream at 1Hz. At each second the system
ingests new PT measurements, advances one solver step,
computes features, and updates the five switches within the
same 1 sec cycle. Accordingly, computational latency from
measurements to blockage-flag update is bounded by the
1 sec execution period, providing a maximum delay of one-
cycle. Consequently, the detection times reported here are

dominated by the physical thermal dynamics of the PT and the
chosen thresholds rather than computational latency. Other
sensing modalities (e.g., pressure or acoustic measurements)
can respond faster than temperature but typically require
added instrumentation or controlled excitation; our focus
is a temperature-only implementation suited to embedded
power-electronics platforms. The remainder of this section
describes the test procedures and summarizes performance.

A. TEST 1: DT CALIBRATION
The first experimental task involved calibrating the DT to
match the thermal response of the PT under nominal con-
ditions. Initially, the DT was configured using thermal pa-
rameters derived from manufacturer datasheets and known
material properties. Real-time operation of the DT in parallel
with the PT allowed direct comparison between simulated
and measured thermal behavior without introducing any flow
obstructions. As shown in Figure 11, the DT captured the
overall temperature trends of the PT, though small discrep-
ancies with Root Mean Squared Error (RMSE) values as
high as 2 ◦C were observed. To improve accuracy, a series
of five calibration runs were performed to iteratively adjust
key thermal parameters. These refinements enabled the DT to
match the PT temperature trajectories within 0.65 ◦C RMSE,
with a typical deviation of 0.2 ◦C, as shown in Figure 12 and
detailed in Table 3. The calibrated PT-DT residual statistics
(RMSE and typical deviation) provide an empirical bound
on combined uncertainty due to sensor noise/lag and model
mismatch under healthy operation and serve as the base-
line uncertainty level for threshold selection. The resulting
DT model integrates physics-based thermal calculations with
data-informed tuning, achieving high fidelity under steady-
state and transient conditions. This validated thermal consis-
tency between the DT and PT forms the basis for reliable
blockage detection in subsequent experiments.
The DT core in this manuscript is physics based, using

mechanistic energy-balance equations with calibrated effec-
tive parameters; data-driven training approaches (e.g., learned
predictors requiring large historical datasets) are outside the
scope of this work. Commissioning therefore consists of cal-
ibrating effective thermal parameters using a limited amount
of healthy-operation data spanning representative operating
conditions (power commands and boundary inputs such as
Tf ,in and T∞). Gradual aging, fouling, or performance degra-
dation is expected to manifest as slow changes in effective
conductances (e.g., reduced convection hA) and/or a drift
in PT-DT residual bias; when such drift becomes sustained
relative to the calibrated healthy residual envelope, a short
recalibration run can be used to re-identify the affected con-
ductances and restore the healthy baseline used for detection.

B. TEST 2: RAPID SINGULAR FULL FOULING
Following successful calibration and characterization of the
DT against the PT, the first experimental blockage detection
scenario was conducted. This test was designed to evalu-
ate the DT’s ability to detect a rapidly induced full block-
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FIGURE 11. Initial calibration results for the digital twin, using only
manufacturer-supplied material properties and data sheets. The plots for
all three heater blocks show a significant deviation between the predicted
temperature (DT) and the actual measured temperature (PT), highlighting
the need for data-driven fine-tuning.

age in one of the cooling branches. To emulate this con-
dition, the proportional valve controlling the coolant flow
to Heater Block 1 (HB1) in the PT was fully closed at
t = 34.5min. This action simulated a sudden and complete
fouling event in the cooling channel associated with one
module of a representative power electronics system.

The DT, operating in real time, continuously compared
temperature responses from the PT with its internally pre-
dicted values. A deviation beyond the configured threshold
was observed, and the system identified the anomaly as a
blockage. Detection occurred 0.8min after the blockage was
induced, demonstrating the DT’s responsiveness under fast
fault conditions. As shown in Figure 13, the thermal deviation
stabilized once the operator reopened the valve to emulate
fault clearance, leading to recovery of the thermal profile.

TABLE 3. RMSE values (°C) between DT and PT temperatures for three
modules before and after data-driven calibration.

Heater
Block # Pre-Data RMSE (°C) Post-Data RMSE (°C)

HB1 1.7434 0.5845

HB2 2.0071 0.6407

HB3 1.5551 0.5114
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FIGURE 12. Final calibration results after fine-tuning the DT with
experimental data. The model’s temperature predictions (DT) now closely
track the physical twin’s measurements (PT) with a mean deviation under
0.5 °C.

C. TEST 3: RAPID DUAL FULL FOULING
In this test, blockages were introduced simultaneously in two
cooling branches to evaluate detection performance under
multiple fault conditions. At t = 26.5min, the proportional
valves controlling flow to Heater Blocks 2 and 3 (HB2
and HB3) in the PT were fully closed to emulate dual full
fouling events. The DT, operating in real time, identified
abnormal thermal behavior and triggered a blockage warning
0.97min after the blockages were induced. As shown in
Figure 14, the DT accurately captured the deviation from
expected temperatures, and the alert prompted the operator to
reopen the blocked paths. This action restored normal cooling
and led to system stabilization, validating the DT’s ability to
detect concurrent faults across multiple branches.

D. TEST 4: SLOW-ONSET SINGULAR FULL FOULING
The final experimental test evaluated the DT’s ability to
detect gradually developing blockages over extended peri-
ods. In this test, an incremental restriction was initiated in
Heater Block 2 (HB2) of the PT at t = 5min. The flow was
increasingly restricted in equal steps over the next hour. As
shown in Figure 15, the blockage reached 95%flow reduction
at t = 59.78min. Prior to this point, the DT identified
abnormal thermal behavior and triggered a warning signal at
t = 59.2min, demonstrating its ability to detect blockages
before reaching critical restriction levels.
For data collection purposes, the induced restriction contin-

ued to full flow obstruction after detection. The operator then
intervened to restore cooling flow and return the system to
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FIGURE 13. Experimental results for a rapid, total blockage of
Heater Block 1 (HB1) at t = 34.5 min. The system detected the fault in
0.8 min, triggering a warning that led to manual system stabilization.

stable operating conditions. This test demonstrates the DT’s
sensitivity to slow-onset faults and its effectiveness in early
anomaly detection.

E. DISCUSSION OF EXPERIMENTAL RESULTS
The experimental results validate the ability of the DT to de-
tect various cooling system anomalies in real time across both
rapid and gradual blockage scenarios. Experimental results
held consistent across repeated tests within the same con-
figuration. For fast-developing faults, such as the full block-
age in a single or dual module, the DT issued alerts within
1min of fault induction. This rapid detection enables timely
intervention and minimizes the risk of thermal overstress
in power electronic components. In the dual-module test,
despite simultaneous disruptions, the DT correctly identified
the condition and maintained detection speed and reliability.

The results included in Table 4 denote the maximum tem-
perature of the system at blockage detection as well as a
comparison between the maximum temperature at induction
and detection. From these metrics, it is seen that blockages
tend to be detected by the system at a similar temperature.
In each case, the system detected a blockage before the heat
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FIGURE 14. Experimental results for rapid, total, dual-module blockage.
The system successfully identified the fault within 0.97 min of induction,
demonstrating its ability to detect simultaneous obstructions in multiple
modules.

increased by more than 14 ◦C. The table also shows the time
from induction to detection data, which demonstrates a rapid
system response, detecting a blockage in under 1min in each
test. The final set of data in the table is the∆T between system
maximum and critical temperatures. This data exhibits the
capacity of the system to provide warning long before critical
temperature levels are reached. The critical temperature for
the system in question is 80 ◦C.
In the slow-onset case, the DT detected the blockage before

reaching 95% flow reduction, confirming its capability to
identify faults that evolve incrementally over longer time-
frames. This is particularly valuable for preemptive main-
tenance in mission-critical systems, where early warnings
can prevent system degradation. Across all scenarios, the
DT maintained close thermal agreement with the PT due to
systematic calibration and iterative refinement. This fidelity is
critical for accurate detection performance. The detection ac-
curacy depends directly on howwell the DT reflects the phys-
ical behavior of the PT. High-fidelity modeling of thermal
dynamics, material characteristics, and system configuration
enhances the DT’s sensitivity to anomalies. Conversely, over-
simplified or mischaracterized models can introduce false
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FIGURE 15. Experimental results for a slow-developing blockage in a
single module: Heater Block 1 (HB1). The system detected the extended
fault 0.58 min prior to 95% blockage was reached, demonstrating its
ability to identify gradual obstructions in individual components.

TABLE 4. Resulting data from experimental tests.

Test 2 Test 3 Test 4*

Max system temp at
detection (◦C) 54.62 54.55 54.15

Max ∆T from induction to
detection (◦C) 10.45 13.41 -0.67

Time from induction to
detection (min) 0.80 0.97 -0.68

Temp increase from max
temp required to reach
critical temp (◦C)

25.38 25.45 25.85

*For the slow-onset blockage in Test 4, blockage induction refers to
95% blockage. Some values are negative due to blockage detection
prior to a 95% blockage being reached.

positives or mask fault signatures.
Furthermore, the time to detection will vary based on the

thermal mass, heat capacity, and geometric layout of the mon-
itored system. These factors affect how quickly a blockage
manifests as a measurable thermal deviation. Experimental

validation in the present work is limited to the representative
three-module, parallel-branch architecture shown in Figure 2
and Figure 3. However, the governing formulation in Sec-
tion III-A is written for i = 1, . . . ,N modules coupled
through a coolant network and is driven by measured bound-
ary inputs (Tf ,in, T∞, ṁ, {Pi}); application to other platforms
therefore consists of instantiating the corresponding network
topology and calibrating effective thermal parameters and
switch thresholds from healthy-operation baselines. Overall,
the results confirm that with careful calibration and sufficient
model fidelity, the DT can serve as a reliable diagnostic layer
for liquid-cooled systems operating in real-world environ-
ments. For comparison, a single constant temperature limit
would not alarm until the PT had already heated substantially
and provides no estimate of the healthy steady-state temper-
ature at the present power and ambient, leading to later or
inconsistent detections across operating points.
The simulated transients and the experimental responses

are not identical, which is expected given the modeling
choices made for embedded execution. The transient branch
is a 1-D, well-mixed, lumped thermo-hydraulic network in-
tegrated with a backward-Euler scheme at 1 Hz. This in-
troduces spatial averaging and numerical damping, so sim-
ulated module and fluid temperatures evolve more slowly
than localized sensor readings on the hardware. While a
finer nodal discretization configuration could be utilized to
reduce negative spatial averaging and numerical damping
effects, the increased computational power demand would
require the use of more robust, specialized, and expen-
sive hardware, or else would prevent the system from op-
erating in real-time. Additional differences arise from ef-
fects that are simplified or omitted in the model, includ-
ing temperature-dependent properties and convection co-
efficients, thermal-interface and contact resistances, sensor
placement and lag, pump/flow-distribution dynamics, and
small ambient variations. Despite these factors, the model
captures the dominant trends and the sequence of switch
activations; in practice the experiments exhibit earlier detec-
tion, while remaining within safe temperature margins. In
applications that require faster fault localization or additional
discrimination among non-flow-related thermal anomalies,
temperature-only DT monitoring can be complemented with
pressure/flow or acoustic instrumentation, acknowledging the
added hardware and integration cost.

VI. CONCLUSION
This paper presented work on a digital twin-based method
of real-time blockage detection in liquid-cooled power elec-
tronic systems. Using temperature sensors integrated into
the existing hardware, digital twin technology allows for
blockage detection without hardware additions. This provides
potential facilitation of blockage detection in existing sys-
tems with minimal cost, effort, and complexity. Blockage
detection was accomplished through the use of five detection
switches which detected blockages in simulated tests as early
as 10min post-induction. The system performed at an even
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higher capacity in physical testing, detecting blockages in
under 1min for all tests, a 10x increase from simulated tests,
and at temperatures roughly 25 ◦C below the expected failure
temperature of 80 ◦C. This detection was accomplished not
only for rapid blockage formation, but also for slow-onset
blockages.

Future work will transition the current human-in-the-loop
action path to software-mediated closed-loop control and
experimentally evaluate automated rectification strategies;
such as power redistribution, controlled flow redistribution, or
short flow pulses on hardware. These studies will emphasize
safety interlocks, thermal-limit compliance, and false-alarm
mitigation across operating conditions; the present work val-
idates real-time detection only.
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