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Rotating Detonation Engines (RDEs) show significant promise for enhancing the efficiency
of gas turbine engines while maintaining low NO, emissions. This work investigates the
predictability of wave modes in a water-cooled RDE under varying operational conditions.
Experimental data comprising over 6,700 samples was collected, including parameters such as
flow rates, temperatures, pressures, and equivalence ratios. A machine learning approach using
the XGBoost library was used to build a multi-class classifier, predicting wave modes based
on these inputs. The model achieved a high accuracy of 97%, demonstrating that wave modes
are not random but deterministic based on the process conditions. SHAP analysis was used
to identify the most influential parameters affecting wave mode prediction. The results show
that for the water-cooled NETL RDE, wave mode is determinant and predictable based on the
process parameters.

I. Nomenclature

A = cross sectional area of the detonation channel [m?]
Dinner = inner diameter of the detonation channel [m]
ler = critical fill height [m]

M = Molar mass of air and fuel mixture [kg kmol™!]
) = Total mass flow rate [kg s™!]

Mair,a = Air mass flow rate (FIC 0178) [kg s71]

Mair.b = Air mass flow rate (FIC 0181) [kg s~!]

MCH4 = Methane mass flow rate [kg s™']

mu> = Hydrogen mass flow rate [kg s~ N

Pir header = Main air header pressure [kPa]

Ppack = Back-pressure [kPa]

R = Ideal gas constant [kJ kmol ™' K~1]

Tair = Air preheat temperature [K]

Tryer = Fuel preheat temperature [K]

Tinix = Air and Fuel mixture temperature [K]

Uej = Chapman-Jouguet wave speed [m s™']

U,, = Wave speed [m s™h

Weount = Wave count

o = Density of the air and fuel mixture [kg m~3]

1) = Equivalence ratio

II. Introduction
OTATING detonation engines (RDESs) or rotating detonation combustors (RDC) have garnered significant interest
from the US Department of Energy (US DOE) and other organizations due to their potential for stable hydrogen-air
operation and their promise to enhance the thermodynamic efficiency of gas turbine engines while keeping NO
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emissions low [1]]. Traditional gas turbine applications using hydrogen combustion face challenges due to instabilities
like flashback and thermoacoustics. In contrast, RDEs leverage non-premixed reactants and short residence times within
the combustor to maintain stable dynamic operation and low NO emissions [2]].

Pressure gain combustion devices such as RDEs achieve pressure gain through an increase in total pressure. Although
Kiel probes have been somewhat successful in measuring this total pressure [3l], consistent evaluation remains difficult
due to the harsh exhaust environment. The Equivalent Available Pressure (EAP) metric offers a means to estimate total
pressure gain by assessing the flow’s ability to perform work or generate thrust [4]. Experimental EAP characterization
typically involves measuring thrust; however, coupling the combustor to a thrust stand is challenging for systems not in
free movement, such as those with ducted exhausts. The "NPS Method" presents an alternative by using a static CTAP
measurement upstream of the RDE exit plane, along with an assumed combustor Mach number and isentropic flow
considerations, relying on choked (sonic) flow at the RDE exit [3].

At the RDE exit plane, strong circumferential variations in the flow field can cause simultaneous choked and
unchoked flow [4]. These circumferential variations are dictated by the resulting wave mode, or the number of waves
and what direction they are moving in the detonation channel. For effective coupling of an RDE to a conventional
turbine, it is crucial to understand, predict, and measure their effects on turbine performance.

Previous work focused on studying wave mode transitions as the equivalence ratio was varied during a long duration
tests in the NETL water-cooled RDE [6]]. That work showed high correlation of the wave mode with process parameters,
such as the equivalence ratio, suggesting that the RDE behavior is deterministic and can be reliably predicted.

This work takes a data analytics approach, with the primary objective to argue that the wave modes in RDEs are not
random but are predictable based on operating conditions. This predictability can significantly impact the design and
optimization of these engines. By varying conditions such as inlet air temperature, combustor back-pressure, mass flow
rate, and equivalence ratio, different wave modes can be observed with both point measurement instrumentation and
down-axis high speed imaging. This data set of over 6,700 samples will be used with a machine learning approach to
identify the key process parameters, their influence on the wave mode, and the predictability of the wave mode.

ITI. Experimental Setup

Data presented throughout this work is collected during the operation of a water-cooled rotating detonation engine.
Water-cooling enables long-duration tests by preventing excessive heating and thermal damage. Both the inner and
outer walls of the engine are cooled using an open-loop, non-recycled water flow. The inlet and exit water temperatures
for both the inner and outer walls are recorded, showing that exit water temperatures increase rapidly during the first
10 seconds of operation. It is assumed that once the exit water temperatures stabilize, the combustor has reached
a thermally steady state. Although water-cooling allows indefinite operation without thermal damage, test runs are
typically limited to 20 to 30 seconds to conserve hydrogen fuel while still achieving thermal stability in the test rig.

Figure[I] displays a cross-sectional diagram of the RDE installed in the Low Emission Combustor Test and Research
(LECTR) facility at NETL. The detonation channel has an outer diameter of 14.88 cm and a width of 1.02 cm. A
pintle-style injector is used, where hydrogen fuel is injected from the inner cavity through a series of 240 holes, each
0.076 cm in diameter, while air flows axially around the injector body. At the end of the channel, the flow area is
decreased through an exit nozzle to choke the flow, which is then expanded through a diffuser to reduce unsteadiness.
Following expansion through the diffuser, the products travel through water-cooled exhaust piping. Further downstream,
a high-temperature control valve simulates the back pressure of a power turbine. Beyond the valve, the flow exits the
building via an exhaust stack.

The post-combustor, a simple methane/air-fueled flame, is located just downstream of the diffuser, Figure[I] In
addition to consuming any unburnt hydrogen so it doesn’t travel downstream and burn in the stack, the flame serves as
the ignition source for the RDE during start-up. Once the hydrogen reaches the torch, the combustion travels upstream
to the injector, transitioning into detonation waves that travel around the detonation channel.

A. Instrumentation

A profile view of the pintle injector and combustion channel is shown in Figure[T(left). Six instrumentation modules
are spaced around the combustor circumference at 60° intervals. As shown in Figure[I[right), the instrumentation
modules are labeled A-F, each offering four axial instrumentation ports. Additional instrumentation and sampling
locations are present along the diffuser section downstream of the RDE.

The six sampling ports accommodate various instruments, including capillary tube average pressure (CTAP) sensors,
infinite tube pressure (ITP) sensors, fiber-based OH* chemiluminescence probes, ion probes, and thermocouples. An
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Fig. 1 Cross section view of the NETL water-cooled RDC with the pintle injector, showing the relative sizes of
the plenums, details of the detonation channel, injector, and instrumentation port nomenclature. All dimensions
in centimeters.

OH* chemiluminescence probe consists of a 1 mm sapphire fiber optic recessed approximately 2 mm from the outer
wall of the RDE, providing an approximate 17° field of view relative to the inner wall of the combustion channel. The
fiber optic is coupled to a 325 nm UV bandpass filter with a full width at half maximum (FWHM) of 110 nm, and a
Hamamatsu R212 photomultiplier tube is used to capture the OH* chemiluminescence. Instrumentation data is recorded
at various sampling rates of 1 MHz, 250 kHz, and 5 kHz using an NI PXI and LabVIEW interface. An Allen-Bradley
process control system manages process variables such as fuel and air flow rates, combustion air inlet temperature, and
back-pressure, with these conditions sampled at 1 Hz.

B. Imaging

High-speed OH* chemiluminescence images are captured through a window approximately 1.5 m downstream
of the RDE exit plane. A Photron FASTCAM SAZ camera, equipped with an Invisible Vision UVI 2550-10-S25
intensifier, captures images at a frame rate of 60,000 frames per second. A Nikkor UV-105mm UV lens at the front
of the intensifier captures light filtered through a UG11 325 nm bandpass filter with a FWHM of 110 nm, targeting
OH* chemiluminescence. The intensifier’s gate width capabilities limit image exposures to 14 us, reducing pixel
smearing from the spatial travel of detonation waves within a frame. The 512 x 512 pixel images provide a resolution of
approximately 0.397 mm/pixel.

Due to the typical 20 to 30 second run times of the NETL RDE, continuously capturing high-speed images throughout
the run is impractical because of limited on-board camera memory. Instead, a function generator sends a 5V pulse with
a duty cycle of 3.5% at a frequency of 2 Hz, effectively triggering the camera to record 1024 images every 0.5 seconds.
This provides a periodic sampling of the wave modes throughout the duration of the test.



IV. Data Analysis

The current data archive consists of 704 test runs of the pintle injector conducted from May of 2021 to March of
2023. The following process variables were varied over those test runs; the two main air flow rates (#i14i,o and rigir p),
hydrogen flow rate (#12), methane flow rate (mi1cpa), air preheat temperature measured in the plenum (7;, ), and back
pressure (Ppqck)- These process variables where changed to study the RDE at different equivalence ratios (¢), total
mass flow rates (ri1), back pressures (Ppqck), and preheat temperatures (7, )-

In order to verify the predictability of wave modes in the NETL water-cooled RDE, systematic data treatment and
analysis is applied. The following subsections will detail each step of the applied method, including image processing
applied to high-speed images, temporal averaging of time series data, dataset generation and cleaning, and model
creation.

A. Image Processing

A total of 13,071 imaging windows were recorded over the 704 test runs. An automated script was developed in
Python to extract the wave count (W,,,,;) and wave speed (U,, ) from these images. This script performs the widely used
detonation surface method and 2D FFT used in the RDE community to visualize the spatial and temporal movement of
individual detonation waves [7]]. The algorithm performs the following steps:

Circle identification To find the detonation channel in the images, a FFT is calculated for each pixel over the image

stack. The height of the tallest peak in the FFT for each pixel is then extracted into a 2D array. Finally, a circle is fit

to the top 2% of the peaks, identifying the detonation channel.

Detonation surface Based on the previously identified circle, a detonation surface is extracted by binning and

averaging the pixels in 1°wedges around the circle for each frame. This results in a 2D array of pixel intensity as a

function of detonation channel angle and time.

Wave count and speed A 2D FFT is calculated based on the detonation surface. The highest peak is identified,

determining both the wave count and the wave frequency. Based on the wave count, frequency, and the physical

dimensions of the RDE, a wave speed is calculated.

Fortunately, the wave modes observed in this RDE with the pintle injector are seldom counter rotating, allowing for
this method to correctly identify the wave mode. The rotation direction is seemingly random and not consistent during
individual tests. Due to this, wave direction is ignored. Further, No attempt was made to identify limit cycle oscillation
(LCO) wave modes, which are present in the existing data [S]].

B. Temporal Averaging

For each imaging window, a trigger signal is emitted and recorded by the NI PXI. This allows for calculation of
process averages for the flow rates, temperatures, and pressures at each high-speed video segment. These averages,
representing the conditions during each segment, were compiled into a comprehensive data set for subsequent analysis.
Key metrics were then calculated for each period, including the Chapman-Jouguet wave speed (U, ;) using the SDToolBox
[9]. Additionally, an FFT of the OH* chemiluminescence probe data is perform to extract the dominant frequency of the
wave mode. This dominant frequency is a convoluted measurement of both the wave speed and wave count.

Most of the test runs where intentionally held at constant conditions throughout the duration of the 20 to 30 second
test. However, for some tests, the mass flow rate of the fuel was intentionally varied [6]. This added sweeps of fuel mass
flow rate that were sampled at 0.5 Hz, greatly expanding the condition samples. Unfortunately during these sweeps,
both the total mass flow rate and equivalence ratio were varied, generating correlated variables.

C. Dataset Generation

By merging the image analysis with the temporal averaging, a comprehensive data set of 13,071 time averaged
samples was generated. Additional variables were also created, derived from other measurements including the total
mass flow rate (#7), which was calculated by summing the (1124, o and ritg;r p), hydrogen flow rate (122), and methane
flow rates (mcp4). Additionally, a mixture temperate (7,,,;,) is calculated by mixing the air flows at their temperature
and the fuel flows at their temperatures using Cantera [[10]. This mixture is also used to estimate the density of the
mixture, using the pressure measured with the first CTAP (E1).

To ensure the consistency and reliability of the data, a self-consistency check was performed. This involved
comparing the dominant frequency obtained from the OH* chemiluminescence probe with frequency derived from the
wave speed and wave count extracted from the high-speed images, Figure [2] These two frequencies had to be within an
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Fig. 2 Dominate frequency measured using the OH* chemiluminescence probe compared to the frequency
extracted from the videos.

arbitrarily selected 1 kHz to be kept in the data set. Additionally, any wave speed that exceeded the calculated U, ; speed
were removed form the dataset. This cleaning step was vital for verifying the accuracy of the measurements and the
validity of the calculated metrics, identifying issues in the data where the automated processing of the images or the
temporal data failed. There could be a number of reasons for this including data capture at startup or shutdown of the
RDE, poor image quality, or catching a mode transition.

The cleaned data set consists of 6,702 samples with the wave modes ranging from 2 to 6 co-rotational waves.
Total mass flow rates (1) ranged from 0.5 to 0.85 kg/s, with equivalence ratios (¢) ranging from 0.13 to 1. Mixture
temperature of the air and fuel streams (7},,;,) ranging from 376 to 466 K with the back pressures (Pp k) ranging from
117.2 kPa to 474.2 kPa, absolute. These ranges along with mean, standard deviation, and 25, 50, and 75% quartiles are
provided in Table[T]

Table 1 Dataset statistics.

Ppack rit 0] Tinix

(kPa [abs]) (kg/s) (K)
mean 196.3 0.681 0.667 436
std 70.2 0.088 0.159 17
min 117.2 0.507 0.133 376
25% 142.6 0.616 0.493 419
50% 161.7 0.693 0.649 442
75% 246.8 0.744 0.785 449
max 474.2 0.846 1.040 466

To visualize the relationships of the input parameters and the wave count, a pairwise plot is shown in Figure[3] In
the pairwise format, the four input parameters and wave count are represented on both the x- and y-axes. Subplots to the
lower left of the diagonal contain all possible 2D scatter plots between the five variables, each with a linear fit overlaid
as an orange dashed line. Along the diagonal (top-left to bottom-right) where variables are self-aligned, normalized
histograms visualize variable distribution. Above the diagonal, 2D histogram contours highlight sampling densities for
each variable combination.

It is apparent that the mixture temperature (7}, ) is correlated with the back pressure, mass flow rate, and equivalence
ratio. In addition, there are strong relationships between the total mass flow rate, the equivalence ratio, and the mixture



temperature with the wave count. As the total mass flow rate increases, so does the wave count. The equivalence ratio
shows an inverse relationship with the wave count. Finally, as the temperature increases, so does the wave count.
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Fig. 3 Pairwise plot of selected input parameters (Pp ¢k, 1ty ¢y Tinix) and the output parameter (W, ;). Lower
triangle is scatter plots with a linear fit of the two variables. Diagonal are histograms of the variable. Upper
triangle are contours of the 2D histogram.

D. Classifier Model

Once the data set was verified for consistency, the XGBoost library was used to build a gradient boosted multi-class
classifier [11]]. The library utilizes decision tree ensembles, consisting of a set of classification and regression trees.
Decision tree learning is a broadly used and proven supervised learning approach, which can be trained on datasets with
known input-output pairs. Within a the tree structure, internal nodes correspond to input features, branches correspond
to rules or weighted mathematical functions applied to upstream data, and leaves represent the output of the algorithm.
The depth of the tree, representing the maximum path length from the root to the leaf, impacts the complexity of the
tree. Shallow trees may under-fit data, while deeper trees may over-fit data. A tree ensemble combines the prediction
scores of multiple simple decision trees. The unique approach of a gradient boosted decision tree lies in its incremental
construction of the ensemble. At each iteration, a new decision tree is trained on the error of the base ensemble, which



is then "added" to the base ensemble with a negative sign, reducing error of the cumulative ensemble. This process is
repeated until a desired training threshold is met.

The inputs to this classifier were the averaged process conditions, and the output was the wave mode. Given that no
counter-rotating wave modes were observed with the pintle injector, the output was simplified to only the wave count
with the following five classes; 2, 3, 4, 5, or 6.

The model development effort started using all 16 measured input process parameters. However, as alluded to in
section [[V.C] through a trial and error process and combining similar parameters, these input parameters were reduced
to 4, while maintaining model accuracy. The four input parameters that the final model was trained on were the back
pressure (Ppack), total mass flow rate (71), equivalence ratio (¢), and the air and fuel mixture temperature (7, ).

To avoid over-fitting of the data, several XGBoost hyper parameters were tuned. These parameters included

e maximum tree depth which was reduced to 3 to limit the model complexity.

* Minimum child weight increased to 3 to require more observations per leaf

e Gamma set to 1 to require stronger evidence for additional splits

* Subsample rate of 0.8 randomly selects 80% of data for each tree

* Column sampling of 0.8 uses 80% of features per tree

 Learning rate reduced to 0.1 for more conservative updates.

These settings proved to help prevent the model from simply memorizing the data.

V. Discussion
The objective of this analysis is to prove that for the NETL RDE with pintle injector, wave modes are deterministic
and not random. Further, these wave modes are predictable based solely on the input conditions, namely the flow rates,
temperatures, and pressures.

A. Model Performance

Overall, the model performs well at predicting the wave counts. For model validation, 30% of the data (2,011
samples) was randomly removed before training for a cross-validation data set. This approach allowed for an assessment
of the model’s performance on unseen data, testing its generalization. The model achieved an accuracy of 97% on the
training data and achieved an impressive accuracy of 96% on the validation data, indicating its reliability in predicting
the wave count based solely on the four process conditions. This also shows that the model does not simply memorize
the input data.

To further assess the performance of the model, a confusion matrix was constructed, which clearly demonstrates the
accurate predictive capability of the model on the cross-validation data, Figured Each cell in the confusion matrix
represented the count of true versus predicted wave counts, providing a comprehensive visualization of the model’s
effectiveness and any misclassifications. Across all of the classes, the model accurately predicts the wave counts, with
the 6 wave mode being most accurate at 100% and the 5 wave count being the lowest at 94%. The model has the highest
count of misclassifications between the 4 predicted waves and 5 true waves. This is also where a majority of the samples
are located and an area where LCO behavior typically occurs [8].

B. Operational Maps

The model can be used to generate predictive operational maps over the input parameters. For example, at a mixture
temperature of T,,;, = 400K and back pressure of Pp,.r = 120 kPa, the wave counts can be predicted over a range of
equivalence ratios and mass flow rates, Figure[5] This specific operation map shows how increases in mass flow rate
from 0.5 to 0.85 kg/s at a fixed equivalence ratio increases the wave count from 2 to 4 waves. The model struggles with
predictions at a mass flow rate of 0.85 kg/s, due to a lack in data density at the higher mass flow rates.

This predictive model can now be used for several purposes including process models or other models that require a
wave count as input as well as model validation of computational fluid dynamic models. Another intriguing use case is
for autonomous discovery where experimental test campaigns can be planned to focus on the transitional areas. The
model can be used to predict these transitional conditions, generating a list of process conditions to evaluate. This will
allow for better defined operational maps and could elicit explanations for these modal transitions.
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Fig. 5 Model predicted operational map at mass flow rates (72) ranging from 0.5 to 0.85 kg/s and equivalence
ratios ranging from 0.45 to 1, at 7;,;;,, = 400K and Pp,.x = 120 kPa.

C. Parameter Importance

The model can also be used to determine the most influential input parameters on the wave count. Using XGBoost’s
F score metric a global indicator of the influence of a parameter can be assessed. For this model, the total mass flow rate
(i) is the most influential input parameter, Figure[6] This is followed by the back pressure (Ppqck), with the mixture
temperature (7,,,;x) and equivalence ratio (¢) tying for last. However, this metric does not explain how changing the
input parameter effects the wave count.

To understand the contributions of the input variables on the model’s predictions, SHAP (SHapley Additive
exPlanations) analysis technique was employed[12]. SHAP values offer a unified measure of feature importance,
providing a detailed breakdown of how changes in the input variables influenced the predicted wave count, offering
valuable insights into the underlying influences.

The SHAP summary lists the relative order of importance of the variables, along with the impact of the characteristic
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Fig. 7 SHAP summary plot showing the impact of input variables on the predicted wave count. Each point
represents a SHAP value for a specific feature and instance, illustrating the distribution of feature importance.

values on the SHAP value for all model training data, Figure[7] Based on the mean SHAP value, the most impactful
input variable is again the total mass flow rate (7). The rest of the order is slightly different, with the equivalence ratio
(¢) coming next followed by the mixture temperature (7,,,;) and finally the back pressure (Pp4cx). The mean SHAP
value emphasizes the average impact of the variable on the output, minimizing the effect of the extremes.

The SHAP summary also indicates the effect of the relative feature value on the wave count. However, here the
impact of the mass flow rate on the model output (wave count) does not agree with the relationship displayed in Figure[3]
The SHAP values indicate that as the m increases, the wave count should decrease. While the relationship displayed in
Figure [3]clearly indicates that as the r increases, so does the wave count. It is unclear if the multi classification of the
wave count is causing this inconsistency in the SHAP values.

The rest of the SHAP values do make sense and agree with the relationships presented in Figure[3] As the equivalence
ratio (¢) increases, the wave count decreases. Similarly, as the mixture temperature (7},;x) increases, the wave count
decreases. Finally, as the back pressure (Pp4ck) increases, so does the wave count.

D. Wave Speed
The measured wave speeds were compared to the theoretical Chapman-Jouguet wave speed (U ;). The measured
wave speeds ranged from 57% to 74% of U, ; for 90% of the data points (between Sth and 95th percentiles), Figure |§|
This indicates that the actual detonation wave speeds are generally lower than the theoretical maximum, as expected in
practical, non-ideal conditions. This suggests that it will be difficult to predict wave speeds with simple relationships.
Further, the wave speeds are strongly influenced by the resulting wave mode and equivalence ratio, ¢, Figure[J] As
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expected, as the equivalence ratio increases, the wave speed increases. At certain process conditions, the wave mode
changes. Typically, when the wave count decreases, significant increases in wave speed are observed. Interestingly, as
the wave count decreases, the wave speed is closer to the theoretical CJ speed. Also, at lower equivalence ratios, the
wave speed is closer to the theoretical CJ speed. It cannot be concluded that this relationship is solely based on the wave
count, because at one set of process conditions the same wave count is observed. It takes a different set of process
conditions to change the wave count.

E. Simple Model
The relationships between the variables agree with the trends predicted by the wave count model proposed by
Wolariski[13]], where #, is the time it takes for a single wave to traverse the detonation channel and 7 is the time it takes
to fill the detonation channel to some critical length, /., Equation [I]
t
Weount = L (1)
ly
The traverse time, t;, can be expressed as the circumference of the detonation channel divided by the wave speed,
Equation[2]
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Where D e, is the inner diameter. The fill time, ¢, can be defined as the fill volume, divided by the volumetric
flow rate of the air and fuel, Equation[3]

Algy
=t 3

m/p
Where A is the cross sectional area of the detonation channel, p is the density of the air and fuel mixture at 7,,,;, and
pressure Pp,cx. By re-arranging these equations and assuming the ideal gas law, we see the three parameters that the

XGBoost model settled on, Equation[d The forth parameter, ¢, is embedded in the wave speed.

D innerMRT ix
W, = 4
count U Al PpociM 4

Where R is the ideal gas constant and M is the molar mass of the air fuel mixture. According to Equation[4] as the
mass flow rate (72) and mixture temperature (7,,,;,) increases, so does the wave count. This relationship agrees with the
data presented in Figure 3| Additionally, as the equivalence ratio increases, increasing the wave speed (U,, ) the wave
count decreases, agreeing with the results in Figure[3] Unfortunately, the pressure is not as clear, because the pressure
effects both the fill time and the wave speed simultaneously. Finally, an attempt to solve for the critical length, [.,, was
made but it did not turn out to be a scalar or a clear function of the process variables.

VI. Conclusion

A total of 704 test runs of the hydrogen fueled pintle injector RDE were performed. By sub-processing these test
runs every 0.5 seconds when high speed images a periodically captured, a total dataset of 13,071 samples is assembled
using automated data processing scripts. Through data quality and self consistency checks, this data set is reduced to
6,702 samples.

An XGBoost multi-class classifier model was fit to the data set to predict the wave mode (2, 3, 4, 5, or 6 waves) based
on only four input parameters, capturing the process conditions. These parameters include the back pressure (Ppqck),
total mass flow rate (7i2), equivalence ratio (¢), and the air and fuel mixture temperature (75,,;x). The classification model
achieved an accuracy of 97%.

The effectiveness of the XGBoost model demonstrates the predictability of wave modes in the NETL RDE with the
pintle injector. The wave modes are deterministic, and can be predicted using a machine learning model based solely
on four input parameters describing the operating conditions. This suggests that wave modes are not random and are
dictated by the boundary conditions of the RDE. These boundary conditions consist of the process conditions, walls,
and geometry of the RDE.

The insights gained from this study provide a robust foundation for further research and optimization of RDE:s.
Future work will focus on expanding the simple model into a mechanistic model to further elucidate the relationships of
the process parameters on the wave mode.
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