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Abstract. This interdisciplinary study investigates impeller failure using a
combined digital and experimental approach, establishing a proof of concept
for cyber-physical integration. First, a CAD model was developed and its
structural integrity is validated using Finite Element Analysis (FEA) to
ensure the impeller could withstand operational loads and dynamic stresses,
following the methodology outlined in [1]. Next, an [oT-enabled digital twin
framework was implemented with Arduino-based sensors (temperature,
humidity, vibration) to monitor 3D-printed impellers made from 316L
stainless steel and AlSi10Mg aluminium. The sensors were integrated with
a custom test rig driven by a motor capable of 10,000 rpm, with data acquired
via analog/digital interfaces and visualized in Node-RED, streaming in real
time to an IoT cloud platform. Impeller experiments ran for over 80 hours
and were tested under two corrosive conditions: (i) engine oil (5W-30) and
(ii) saltwater. SEM/EDS analysis revealed carbon deposits on oil-exposed
samples and aluminium oxide on saltwater-exposed ones, while further SEM
imaging showed pitting and corrosion. Alicona surface roughness tests
confirmed degradation under dynamic loads. Preliminary real-time
monitoring demonstrated the of predictive maintenance alerts, though full-
scale validation remains future work. Overall, the developed framework
provides a robust basis for physical testing with digital representation,
offering strong potential for predictive maintenance.

1 Introduction & Literature Review

In the rapidly evolving landscape of advanced manufacturing technologies, the
convergence of Internet of Things (IoT), Digital Twins, and Artificial Intelligence (Al) is
reshaping industrial operations and decision-making [2—4]. Digital Twins, serving as virtual
representations of physical systems, enable real-time monitoring and predictive insights
through IoT-enabled data acquisition [2,3]. This integration has transformed sectors such as
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hydrogen energy, where IoT and Digital Twins are increasingly applied to optimize
production, compression, and transportation processes [4].

Within this technological paradigm, the impeller remains a critical component in fluid-
handling systems. Its role in regulating flow dynamics, augmenting pressure, and ensuring
operational efficiency is fundamental across vast applications. This includes centrifugal
pumps, compressors, automotive cooling systems, aerospace, and hydrogen compression
[5,6]. Despite its importance, research addressing impeller degradation mechanisms under
cyber-physical monitoring frameworks remains limited. Understanding these mechanisms is
essential for predictive maintenance and reliability in next-generation hydrogen and energy
systems.

Research on impeller failures and corrosion phenomena has been extensive. Investigation
has been conducted on erosion-corrosion damage in water-pump impellers [5]. The study
observed that prolonged exposure (~ 6 months) significantly reduced pumping efficiency in
cooling systems. Using powered microscopy and precise weight measurements, surface
degradation characterized by pits and rust was confirmed, which intensified corrosion over
time. Similarly, failure analysis of an MVR impeller operating in a dairy processing plant has
been reported [7]. The impeller blade fracture occurred after 150 hours of service, and
scanning electron microscopy revealed that torsional stress-induced vibration was the
primary cause, accelerating fatigue failure. Further examination of locomotive draught fan
impellers identified welding defects such as cavities and porosities as critical factors leading
to blade breakage [8]. Susceptibility of FV520B to sulphide stress corrosion cracking (SSCC)
has also been studied using constant displacement loading tests and finite element analysis
(FEA) [9]. Findings indicated that high hydrogen sulphide concentrations combined with
stress concentration around corrosion pits significantly increased SSCC risk. Additionally,
fatigue failure in semi-open impeller blades has been investigated through numerical and
experimental approaches [10]. Mistuning phenomena, elevated stress, and increased natural
frequencies were found to collectively reduce fatigue life.

Beyond mechanical failures, emerging technologies are fundamentally transforming
industrial operations. Big data analytics has become a cornerstone of Industry 4.0, enabling
advanced pattern recognition, predictive insights, and real-time process optimization [11]. Its
ability to process massive datasets allows manufacturers to anticipate equipment failures,
optimize resource allocation, and streamline production workflows. Studies have highlighted
how big data facilitates automation, reduces reliance on human intervention, and supports
adaptive decision-making [12—14]. Frameworks using big data for efficient load balancing
and seamless communication between cloud systems and shop floor operations have been
proposed [13]. Industrial wireless sensor networks play a critical role in enabling real-time
data acquisition and control [14]. In recent years, digital twin technologies have emerged as
a key enabler of cyber-physical integration. Defined as real-time software representations of
physical systems, they facilitate optimization and predictive analytics [ 15]. Reported benefits
include cost reductions of up to 30%, planning time savings of 20%, and productivity
improvements of 8% [16]. Further research emphasizes the integration of digital twins and
cyber-physical systems for smart manufacturing and system-level simulation [17,18].
Parallelly, IoT technologies continue to revolutionize production systems. [oT enhances
production quality and minimizes downtime through factory digitization and intelligent data
management [19]. IoT-based approaches for dynamic resource management in smart
factories reinforce the growing importance of connected systems in achieving operational
efficiency [20].

Complementing these technologies, blockchain integrated with edge computing
addresses Industry 5.0 challenges such as decentralization, security, and scalability [21].
Blockchain ensures data integrity through consensus mechanisms like PoW, PoS, and
dPoSec, while edge computing reduces latency and supports real-time decision-making at
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the network edge. Furthermore, industrial communication protocols are evolving to meet
interoperability demands. Comparative studies on OPC UA and MQTT within a Unified
Namespace (UNS) aligned with RAMI 4.0 reveal that OPC UA offers robust semantic
modeling and security, whereas MQTT excels in lightweight, high-frequency data
transmission [22, 23]. Both studies conclude that hybrid architectures combining these
protocols can deliver scalable, interoperable solutions for smart manufacturing ecosystems,
paving the way for fully integrated digital factories. Despite extensive research on impeller
failures and digital manufacturing technologies, few studies have integrated real-time sensor
data with simulation models for predictive maintenance. Compared to traditional monitoring
approaches that rely on periodic inspections, the proposed IoT-enabled digital twin
framework offers continuous data acquisition and real-time anomaly detection, addressing
multifaceted challenges in impeller performance while significantly improving reliability and
reducing unplanned downtime.

2 Methodology

This study adopts a cyber-physical approach to assess impeller performance and failure
mechanisms. Impellers were 3D-printed using materials validated through Finite Element
Analysis (FEA) and tested under controlled conditions. Real-time sensor data temperature,
humidity, and vibration was captured via Arduino-based systems and visualized in Node-
RED [24] using C++ and JavaScript, with continuous streaming to an IoT cloud platform.
This enabled the creation of a digital twin for predictive maintenance and simulation
validation. The methodology is presented in sequential stages: (i) cyber-physical system
setup, (i1) FEA simulations, (iii) experimental procedures validated through Scanning
Electron Microscopy (SEM) and Energy Dispersive X-ray Spectroscopy (EDS) which
identifies elemental composition to assess corrosion and material degradation and (iv)
Surface roughness measurements.

2.1 10T Setup and Digital Twin Methodology

........
- -

DHT1L GND

Fig.1. Proposed IoT-based architecture using Arduino UNO R3, integrated with Node-RED

Fig.1 illustrates the proposed loT-based architecture using Arduino UNO R3 [25] (Fig.2(a), integrated
with Node-RED for real-time sensor control and data streaming to a cloud platform Insights Hub [26].
The system connects via USB to a PC or laptop, enabling live monitoring of temperature, humidity,
and vibration sensors. This setup offers a low-cost, open-source solution for industrial failure analysis
with minimal resource requirements [2]. Fig.2 (b)-(c) show the DHT11 (temperature & humidity) and
Piezo vibration sensors used for data acquisition in this study. In this setup, sensors are connected
to the Arduino UNO following standard procedures [25, 27]. These connections allow the
Arduino to read environmental and mechanical data in real time, which is then processed and
visualized through Node-RED. Once the circuit is configured, a C++ program is uploaded
via the Arduino IDE (Fig.3(a)) to activate sensor readings and transmit data through the serial
port. On the software side, Node-RED (Fig. 3(b)) is used to create a flow that reads serial
data from the Arduino, processes it using JavaScript functions (function 7), and visualizes it
through dashboard nodes. Fig. 3 (b) illustrate the flow configuration, function node code,
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serial port setup, and dashboard interface (Fig 4(a)), demonstrating how sensor data is
captured, processed, and displayed for engineering insights and predictive diagnostics. Here
debug (debugl4) node help monitor data integrity and detect errors, while ‘mind connect’
node allow data sent to a cloud platform Insights hub for remote access and further analysis.
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The digital twin component in this work extends beyond monitoring and visualization by
incorporating predictive logic and degradation-aware mechanisms through IoT-based rule
settings. Temperature, Humidity and Vibration data from the impeller is continuously
streamed to Siemens Insights Hub, where an asset representing the impeller is created and
linked to real-time sensor signals. Figure 5(a) shows the asset created in Insights Hub, while
Figure 5(b) illustrates the rule configuration for vibration monitoring. In addition to vibration,
environmental parameters such as temperature and humidity are captured and displayed
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alongside the vibration signals, as shown in Figure 5(c). Based on these inputs, three rule
settings were created to monitor critical vibration thresholds and environmental conditions,
enabling automated actions when abnormal patterns often indicative of imbalance or material
degradation are detected. When the vibration exceeds the predefined limits, an email
notification is triggered and sent to the user, as shown in Figure 5(d). This closed-loop
mechanism ensures timely intervention and links high vibration events to potential
degradation mechanisms, allowing the digital twin to dynamically update, predict failures,
and support proactive maintenance within a cyber-physical workflow.
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Fig. 5. (a) Asset created in Siemens Insights Hub for impeller vibration monitoring (b) Rule configuration in
Insights Hub for vibration threshold detection (c) Real-time vibration signals displayed along with temperature and
humidity data (d) Email notification triggered automatically when vibration exceeds the set threshold.

Fig. 4(b) shows the hardware setup with IoT connectivity during testing. Tests were
conducted at machine speeds of 1000, 3000, 4000, and 5000 rpm to observe sensor responses
and machine behavior. Table 1 summarizes sensor data across these speeds, showing gradual
increases in temperature and vibration, and a slight drop in humidity. Vibration spiked
sharply at 4000 rpm, indicating possible fatigue or misalignment. At 5000 rpm, vibration
exceeded 1000 mm/s RMS, suggesting a critical threshold. These results highlight the value
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of integrating edge technologies with conventional machinery for real-time diagnostics and
predictive maintenance via cloud-based monitoring.

Table 1 Comparative summary of sensor data across the speed levels

RPM Temperature (°C) Humidity (%) Vibration (mm/s RMS)
1000 22.00 55.00 19

3000 22.50 54.00 24

4000 22.60 51.00 1009

5000 Rpm

5000 22.60 51.00 1007

5000 22.60 51.00 1009

5000 22.60 51.00 1010

5000 22.50 51.00 1022

3 CAD Modelling, FEA Analysis & 3D printing
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Fig.7. (a) Maximum Principal Stress (b) FEA visualization of the SS impeller at 5000 RPM

The impeller design process began with CAD modeling in SolidWorks, scaling down original
diameter of 500 mm to 50 mm (1:10 ratio) (Fig. 6(a)). This is for experimental feasibility
while maintaining geometric integrity. This scaled model is used to evaluate structural
performance under operational conditions, Finite Element Analysis (FEA) was conducted
using ANSYS Explicit Dynamics for both AlSi10Mg aluminum alloy and 316L stainless
steel impellers [1]. Meshing (Fig. 6(b)) was performed and simulation setup incorporated
displacement support, constant pressure load, and rotational velocity to replicate real-world
stresses (Fig 6(c)). Fig. 7(a) illustrates the variation of maximum principal stress over time
for impellers made of 316L stainless steel and AlSil0Mg aluminum alloy under a rotational
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speed of 5000 RPM. The SS impeller exhibits a rapid increase in stress, stabilizing at
approximately 3.2 x 10'° MPa, indicating its higher stiffness and resistance to deformation
under dynamic loading. In contrast, the aluminum impeller shows a more gradual and
fluctuating stress response, reaching a peak of around 2.0 x 10' MPa. These differences
highlight the influence of material properties such as Young’s modulus and density on
structural performance under high-speed rotation. The results confirm that stainless steel
offers superior strength, while aluminum demonstrates lower stress levels but with more
variability, which may affect fatigue life under prolonged operation. Fig. 7(b) shows the FEA
visualization of the stainless-steel impeller at 5000 RPM, highlighting stress distribution. The
analysis provided valuable insights into deformation and stress distribution under combined
rotational and aerodynamic loads. Finally, after FEA simulation, the validated designs were
3D printed (Fig. 8(a) & (b)), using Selective Laser Melting (SLM) technology for both
materials. This integrated approach combining modeling, simulation, and additive
manufacturing ensured accurate performance assessment and supported the development of
a digital twin for predictive maintenance.

(@)
Fig. 8. Impeller (a) (AlsilOmg) Aluminium (b) 316L stainless steel

4 Experimental Setup and Pre-Characterization

Table 2: Chemical Properties of Working Mediums
Property Engine Oil (5W-30) | Saltwater
Specific Gravity (15°C) 0.859 ~1.025
Kinematic Viscosity (40°C) 71.5 mm?%/s N/A
Viscosity Index 160 N/A
Flash Point 195°C N/A
Pour Point -38°C N/A
Salt Concentration N/A 35g/L

The experiments were conducted in two different mediums engine oil (SW-30) and saltwater
under both static and dynamic conditions involving impeller rotation at 5000 RPM. To ensure
reliability, pre-experimental characterization was performed using a Zeiss Gemini Sigma
Scanning Electron Microscope (SEM). SEM imaging provided detailed surface morphology,
while surface roughness measured using an Alicona optical 3D microscope, reported
parameters such as Ra, Rq, and Rz. These analyses ensured accurate baseline data before
immersion tests. Following this, the impellers were immersed in the selected mediums for
corrosion and wear evaluation. In engine oil and saltwater, the AlISi10Mg impeller and 316L
stainless steel impeller remained for greater than 80 hours. The chemical properties of the
working mediums are summarized in Table 2.
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5 Results and Discussions

5.1 Experiment Comparison - Baseline, Before Experiment

Prior to exposure, the aluminium (AISi10Mg) impeller’s top surface was examined using
SEM, and elemental composition was obtained via EDS at the highlighted point (Fig. 9). The
corresponding spectrum confirms the expected alloy constituents, with aluminium as the
major element (68.5%), followed by oxygen (24.6%), silicon (4.5%), and minor additions of
silver (2.0%) and magnesium (0.3%). The high oxygen content indicates a native oxide film,
contributing to corrosion resistance, while traces of silver and magnesium likely originate
from alloying or residual additives that enhance strength and stability.

Similarly, the 316L impeller was characterized using SEM/EDS before testing. Fig. 10
shows the SEM field and EDS spectrum from the top surface, revealing iron as the dominant
element (51.8%), along with oxygen (16.9%), chromium (13.8%), nickel (7.9%), and
molybdenum (2.1%), with traces of manganese and silicon. Elevated oxygen suggests surface
oxidation typical of stainless steel, which improves corrosion resistance. Chromium and
molybdenum enhance pitting resistance, while nickel contributes to toughness and stability.
Minor elements such as manganese and silicon originate from alloying additions that support
strength and microstructural integrity.
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Fig.10. SEM and EDS image of 316L impeller before experiment
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5.2 Experiment Comparison - Impeller in Oil Medium (Post-Exposure)

After oil exposure, SEM/EDS analysis of the aluminium impeller confirms significant
surface chemistry changes and carbon-rich deposits. Representative micrographs and spectra
are shown in Fig. 11. The EDS results indicate a marked increase in carbon (80.8%), along
with aluminium (55.7%) and oxygen (49.9%), while silicon remains minimal (0.6%). This
composition suggests heavy carbon contamination from the oil medium, combined with
residual aluminium and oxide layers from the base alloy, indicating strong chemical
interaction at the surface. Similarly, Fig. 12 illustrates the surface morphology of the 316L
stainless steel impeller post oil exposure, revealing a rough, uneven texture with visible
deposits. The corresponding EDS spectrum confirms substantial carbon contamination
(124.8%), along with minor oxygen (5.4%), iron (4.3%), and alloying elements such as
chromium (1.5%), zinc (1.0%), and traces of silicon and phosphorus. The elevated carbon
concentration indicates significant deposition from the oil medium, while reduced iron and
chromium signals suggest masking of the base alloy by surface films. These findings
highlight strong interactions between the oil’s hydrocarbon structure and the impeller surface
during prolonged immersion, leading to surface modification and potential performance
degradation.

Electron Image 2
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Fig. 12. SEM and EDS image of 316L impeller after experiment in oil medium

5.3 Experiment Comparison - Impeller in Saltwater Medium (Post-Exposure)

The SEM/EDS image (Fig.13) on the left shows the surface morphology of the aluminium
impeller after prolonged exposure to saltwater, revealing rough, uneven regions with distinct
deposits. The EDS spectrum in the center and the composition table on the right indicate a
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high presence of oxygen (30.7%), followed by aluminium (16.5%), along with carbon (5.2%)
and chlorine (4.3%), with traces of zinc and sulphur. The elevated oxygen content suggests
significant oxide formation, while chlorine indicates aggressive saltwater corrosion. These
findings confirm that aluminium reacts strongly in chloride-rich environments, forming
aluminium oxide (Al:Os) and localized corrosion sites, which compromise surface integrity.

Electron Image 1

Fig.13. SEM and EDS image of aluminium impeller after saltwater exposure

Electron Image 1

=

Fig. 14. SEM and EDS image of 316L impeller after saltwater exposure

EDS analysis of 316L stainless steel (Fig.14) after saltwater exposure shows Cl (0.2%), Fe
(0.7%), O (0.2%), Zn (0.1%), and C (0.3%). Even though 316LSS contains high chromium
and nickel for corrosion resistance, chloride ions from salt water can penetrate and locally
break down the passive film, initiating pitting corrosion. Oxygen indicates oxide interaction,
while Fe and C are from the base alloy. Trace Zn may be from contamination. This confirms
early chloride-induced attack despite the alloy’s inherent resistance. These findings confirm
that aluminium reacts strongly in chloride-rich environments, forming aluminium oxide
(Al205) and localized corrosion sites, which compromise surface integrity.

Fig. 15 shows SEM images of aluminium and 316L impellers under three conditions: (a)
baseline, (b) after oil exposure, and (c) after saltwater exposure. Although surface changes
are subtle and difficult to identify visually, the highlighted regions in the SEM figures
indicate areas where defects such as micro cracks, pitting corrosion, or crevices are present.
EDS analysis confirms chemical changes, including chloride presence after saltwater
exposure, signalling passive film breakdown and early corrosion. This demonstrates the need
to combine SEM with EDS for accurate degradation assessment.

10
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SEM images at different magnifications (316LSS- Oil)

(©) sEm images at different magnifications (aluminium - Salt Water) SEM images at different magnifications (316LSS - Salt Water)

Fig. 15. SEM images of aluminium and 316L impeller (a) baselines (b) Oil medium exposure (c)
saltwater exposure
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6 Surface roughness Measurement with Alicona

Surface roughness was measured using an Infinite Focus Microscope (Alicona), an optical
3D system with lateral resolution down to 400 nm and vertical resolution of 10 nm. Profile
parameters were set at width = 100 (profile) and 105.1942 um (metric), applying roughness
filtering per ISO 4287 and ISO 4288. Impeller surfaces were examined before and after tests
in oil and saltwater using aluminium and 316L stainless steel. Due fo page limits, detailed
profiles are shown only in Fig. 16 for aluminium and 316L impellers before and after oil
exposure. In oil, aluminium roughness increased from Ra = 2.93 pum to 3.30 pm due to
abrasive wear from particle-laden oil acting on its softer surface. In contrast, 316L roughness
decreased from Ra = 0.89 um to 0.70 um as lubrication and hardness produced a polishing
effect. In saltwater, aluminium roughness dropped from 2.93 pm to 2.46 um, likely from
oxide formation and removal of asperities, while 316L decreased from 0.89 um to 0.72 um
due to passive film stability and hydrodynamic polishing. These results reflect the combined
influence of material properties, lubrication, corrosion, and operating conditions on surface
integrity.

7 Conclusions

This study demonstrates the potential of digital twin technology for loT-enabled impeller
failure diagnosis, offering a foundation for predictive maintenance and performance
optimisation. This integrated approach enhances reliability by enabling early failure detection
and reducing downtime compared to conventional reactive monitoring methods. To achieve
this, two 3D-printed impellers - 316L SS and AlSi10Mg were tested in oil and salt-water
media, with before/after comparisons supported by microstructural analysis, surface
roughness evaluation, and explicit dynamics simulation at 5000 rpm to identify stress
distribution, deformation, and strain. Key findings include colour changes on aluminium in
oil (silver to grey) due to chemical interaction, pore formation from carbonaceous elements,
scratches on 316L from vibration, and oxide layer formation on aluminium in salt water,
while 316L exhibited yellowish discoloration under chloride exposure. Surface roughness
trends revealed aluminium roughened in oil due to abrasive wear but smoothed in salt water
through oxide formation and removal, whereas 316L consistently became smoother under
both conditions due to lubrication and passive film stability. These mechanisms - abrasive
wear, corrosion, and polishing scan be encoded into digital twins for real-time degradation
modelling. Recommendations include applying protective coatings, normalising 3D-printed
parts, alloying with tungsten and nickel for corrosion resistance, and using CMM for nano-
scale defect detection. Future work will consider hydrogen embrittlement risks in impellers
operating in hydrogen-rich or humid environments, as hydrogen ingress can accelerate crack
initiation and compromise fatigue life, making hydrogen compatibility a critical parameter
for next-generation digital twin models. Although Industry 4.0 provides vast resources for
predictive maintenance, integrating material science insights such as real-time surface defect
prediction and phase transformations via IoT and digital twins remains an open challenge
requiring significant research in digital engineering.
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