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ABSTRACT

Effective cooling is critical for the optimal performance and longevity of electrical machines. This paper presents 
an approach to improve the estimation of heat transfer coefficients (HTC) in air-fin cooled electrical machines 
featuring stator flux barriers. A Generalized k-omega (GEKO) turbulence model is tuned using machine learning 
(ML) and adjoint optimization, to allow high-fidelity prediction in complex geometries at the cost of a Reynolds- 
Averaged Navier-Stokes (RANS) simulation. An initial field of boundary conditions, estimated via conjugate heat 
transfer (CHT) simulation, is mapped to a Large-Eddy Simulation (LES) as the benchmark. Subsequently, a RANS- 
GEKO simulation, coupled with adjoint optimization and ML, is conducted to tune the turbulence coefficients. 
Firstly, to validate the procedure against LES and test data, the tuned GEKO model is applied to a geometry from 
the literature: a rectangular section channel with transverse periodic ribs. Relative to the original RANS model, 
the tuned GEKO model demonstrates an increased local HTC in the vicinity of the fins, decreasing HTC deviations 
from 25% to just 5.0% relative to the LES and to test data. This tuning is primarily attributed to the element-wise 
enhancement of the turbulent kinetic energy (TKE) parameter Ck during ML, resulting in a local increase in TKE 
of up to 59%. Secondly, to guide the design of a novel stator flux barrier cooling solution for an annular electrical 
machine, the GEKO model is re-tuned. In this application, the ML correction of tuning parameters for TKE and 
specific dissipation rate (SDR) is impactful. The relative HTC difference is reduced from 32% to 7.5% relative to 
the LES results, outperforming standard RANS and substantiating its capability of high-fidelity CHT calculation. 
Lastly, the re-tuned model is used for an optimization study with respect to their rib separation, rib thickness, and 
flux barrier gap. Results of maximal stator temperatures range between 115 ◦C and 132 ◦C, while indicating a 
preference towards thinner ribs with relatively small separation spacing and a narrow flux barrier gap.

1.Introduction

Electrification of the aviation sector is confronted with several dif-
ficulties, among which the development of electrical machines with high 
power-density and capable of meeting industrial power requirements 
while complying with strict aircraft weight constraints is particularly 
significant. The enhancement of power density of an engine inevitably 
leads to increased internal losses. If these losses are not effectively 
dissipated, temperatures of critical components may rise, negatively 
impacting engine performance and limiting its operational range [2]. 
Excessive temperatures can result in the degradation of copper insu-
lation, the occurrence of short-circuits, the demagnetization of perma-
nent magnets upon reaching their Curie temperature, and a reduction in 
the overall lifetime of the machine, potentially leading to failure. 

Therefore, the simulation and thermal modeling of electrical machines 
represent valuable tools during the development phase, as they enable 
the evaluation of different design configurations in advance and help 
reduce the need for costly prototype manufacturing. To ensure reli-
ability and facilitate better design iterations, a precise estimation of the 
HTCs along the cooling surfaces is required. The interaction between the 
heat transfer phenomena of fluids and solids can be effectively captured 
using CHT simulation, which models the fluid phase coupled to solid 
components to improve the HTC estimation [3].
RANS turbulence is broadly used in industry for Computational Fluid 

Dynamics simulations (CFD). Relative to LES, RANS simulation offers 
flexibility along with a relative advantage in computational time, 
providing good results for well-understood flows with accurate cali-
bration. However, their accuracy can be compromised in a variety of 
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flows such as free jets, mixing layers, impinging flows, among others [4]. 
In contrast, LES offers a more precise approach by resolving a significant 
portion of the turbulent kinetic energy (TKE, denoted as k), and 
modeling only the small-scale turbulence. LES is an inherently transient 
model, leading to longer computation time until an appropriate average 
solution is achieved, and requiring finer meshes to ensure adequately 
that a significant amount of the turbulent eddies is resolved [5].

This paper aims to present a procedure for tuning a Generalized k-��
model (GEKO) using an adjoint-based optimization scheme. Adjoint- 
based approaches can reduce the time to optimize shapes for thermal 
design substantially, which was demonstrated for cooling pin fins by [6]
and [7], for gas turbines [8,9], as well as for a heat exchanger by [10]
using parametrized CAD. The strategy is coupled with a Neural Network 
(NN), which has been used in previous work by [11]. The tuning of the 
GEKO model can be applied to various complex flow scenarios, suc-
cessfully enhancing prediction accuracy: Wu [12] employs this method 
to determine the drag coefficient of the DrivAer generic car model more 
accurately, by using the difference in drag coefficient as the observable 
metric. DrivAer is a realistic reference car model, developed by [13,14]
to support aerodynamic research on passenger vehicles. Klavaris [15]
extended this methodology to the simulation of an isothermal combus-
tion chamber, where the observable accounted for the difference in 
velocity fields between LES and RANS methods, resulting in improved 
predictions of flow confinement. Similarly, Fischer et al. [11] utilized 
temperature field discrepancies between LES and RANS simulations to 
refine the effectiveness of adiabatic trench film cooling designs of 
combustors. The tuning methodology provides results similar to those 
with LES methodology, but at the computational expense of a RANS 
simulation.

Particularly, the application of modeling and experimentation 
methods to air-cooled flow configurations with fins has been an exten-
sive focus topic in literature. A study by [16] investigates the optimal 
geometry of plate fins for air-cooling high-power electronic modules 
numerically, under variation of the fin thickness and height. It is rec-
ommended to tune the fins by increasing their thickness along the 
airflow (at x0.42), and when combined with tapering the height of the fin 
along the direction of flow, thermal hotspot reduction by 40% and 
beyond can be achieved [16]. Studies with a novel methodology for 
electronics air cooling utilize double-elastic, inclined fins under 
nano-enhanced magneto convection [17], as well as fins with hybrid 
air-cooling, which are partially filled with a composite phase change 
material [18,19]. Other work from the recent literature quantifies the 
impact of convection and radiation within flow fields [20], studies the 
effect of vortex generation and recirculation zone on the local HTC, both 
numerically and experimentally [21], as well as proposes the use of a 
flow-guide to enhance the air-cooling effect, while finding a 30% 
improvement without increasing pressure drop [22].

In the present work, the GEKO tuning strategy is being applied to the 
cooling of electrical machines. Building upon previous work [11], this 
approach is selected due to its suitability to describe external flow 
problems with strong confinement and wall effects. In particular, the 
present work details the sensitivity to five machine learning parameters 
for tuning of the turbulence model. The results provide precise data on 
how to tune the machine learning functionalities built into Ansys Fluent 
for computational efficiency, which is a highly important metric to in-
dustry. Building upon our previous work [11], which optimized the 
temperature distribution downstream of film cooling holes for gas tur-
bine application, we demonstrate that this RANS tuning approach can be 
validated for another two typical fin cooling geometries relevant to in-
dustry. In this study, the geometry consists of a stator flux barrier, with 
the objective being an optimization of the ribs for convection cooling. 
The study describes a validation of the procedure to replicate the 
experimental results of a ribbed channel flow by Rau et al. [1]. Using the 
validated model, the stator flux barrier domain is described, which 
consists of a fractional slot concentrated windings (FSCW) 5-phase 
permanent magnet synchronous (PMSM) machine. The machine is in 

pre-development at the University of the Bundeswehr [23�26], with 
numerical simulation targeted to guide the cooling design. In the 
following sections, the working principles of the optimization and ma-
chine learning algorithms are described, proposed model tuning for this 
specific case is detailed, and finally, optimized results are presented.

2. Computational methodology

2.1. RANS-GEKO turbulence

The GEKO model is formulated as a two-equation turbulence model, 
based on the k-�� theory. It includes several adjustable coefficients, 
allowing for precise tuning to match specific flow scenarios without 
altering the fundamental calibration of the base model. Similar to k-��
models, the GEKO model includes three primary tuning parameters, and 
two additional parameters associated with TKE and SDR (specific 
dissipation rate), enabling further fine-tuning [4,6]. 
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In the equations above, ��represents the density, Uj is the velocity, k 
denotes the TKE, �� is the SDR, �� represents the molecular dynamic 
viscosity, and �t denotes the turbulent viscosity. Constants �k, ��, C�, 
C�1, and C�2 are the standard coefficients associated with k-��turbulence 
models. The term Pk corresponds to the turbulent production term, while 
CD accounts for cross-diffusion effects. Finally, Sk and S��are the source 
terms for k and �, respectively.

The GEKO model allows for an adjustment of three primary free 
parameters, F1, F2, F3, and additional source terms (Ck and C�), without 
affecting the basic tuning of the model [4]. These parameters are 
designed to influence various flow characteristics. The Ansys Fluent 2024 
R1 GEKO model provides four main parameters for optimization, and 
two additional source coefficients: 

� CSep: Adjusts flow separation from smooth surfaces.
� CMix: Adjusts the mixing strength in free shear flows.
� CNW: Adjusts the flow in non-equilibrium near wall regions.
� CBF: Adjusts the blending function to activate/deactivate coefficients 

close to the boundary layer.
� Ck: Adjusts the turbulence kinetic energy source coefficient.
� C�: Adjusts the specific dissipation rate source coefficient.

Tuning the parameters of the GEKO model is a process requiring 
some empirical knowledge. This iterative process involves selecting and 
adjusting the coefficients to achieve optimal model performance for the 
specific flow condition. While in traditional RANS these coefficients are 
defined uniformly across the entire flow domain, using the ML tuning 
method allows a local tuning of those, to accurately reflect local flow 
characteristics. Building upon our previous work [11], the present study 
details the solution sensitivity to these machine learning parameters for 
tuning of the turbulence model. By providing a recommendation about 
which ones to focus on, it allows for an optimal computational efficiency 
in Ansys Fluent 2024 R1.
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2.2. Adjoint-based optimizer

The adjoint-based optimization method efficiently computes the 
linear sensitivities of an objective function with respect to a high- 
dimensional parameter space. [27]. The main benefit is that it allows 
for the computation of gradients with low computational cost, making it 
well suited for problems involving a high number of parameters. The 
objective function, denoted as J, represents the quantity we aim to 
maximize or minimize through optimization. This function is dependent 
on a set of design parameters c, as well as a set of states q, which are a 
function of the design parameters. 

J ˆ f (q(c), c)                                                                                 (5)

In our specific scenario, the design parameters c correspond to the 
GEKO tuning coefficients, the state parameters to the solution of the flow 
q(c) and the objective function J focuses on minimizing the difference 
between the averaged LES solution and the RANS-GEKO prediction. 

c ˆ [CSep, CMix, CNW , CBF , Ck, C�]                                                  (6)

q(c) ˆ [u, v, w, p, T, k, �]                                                               (7)

Regarding the objective function, its sensitivity to a change of c can 
be estimated by making small changes to each design parameter indi-
vidually. However, this method is computationally expensive, because it 
requires resolving the flow for every single design parameter. The 
adjoint-based approach significantly improves its efficiency. With this 
method, calculating sensitivities of the objective function requires 
solving flow and the adjoint parameters (Lagrange multipliers) only 
once per iteration step [28]. In addition to those equations, the problem 
is also constrained by the flow equations, this is represented by the re-
siduals of the flow equations R: 

R(q(c), c) ˆ 0                                                                                (8)

In order to define the adjoint problem, an augmented objective 
function can be defined to include the Lagrange multipliers ��in order to 
perform a constrained minimization [27]. 

L(q, c, �) ˆ J (q, c) � �T R(q, c)                                                      (9)

The Lagrange multipliers ��or adjoint variables have a correspondent 
value with each flow parameter so that � ˆ [u*, v*, w*, p*, T*, k*, �*]. 
Solution of the adjoint equation is set to ensure the independence of the 
variability with respect to the augmented objective function (equ. 10): 

�L
�q

ˆ
�J
�q
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�q

(10) 

When solving the adjoint equation, total derivative of the observable 
can be calculated as a function of the design variables (equ. 11): 

dL
dc

ˆ
dJ
dc

ˆ
�J
�c

� �T�R
�c

(11) 

The optimization concludes by applying the sensitivities to update 
the design variables, thereby altering the observable. For the purposes of 
this paper, a simple steepest descent approach [27] is used where a 
percentage value ��is defined as the step-change: 

�c ˆ � � dJ
dc

(12) 

2.3. Machine learning model

The versatility of the GEKO turbulence model and the ability to 
optimize its coefficients have been discussed thus far. However, this 
approach has limitations. The optimization process yields a unique set of 
coefficients for each cell in the computational domain. While this can be 
practical when no further mesh modifications are required, it becomes 
less effective when the model is intended for use in subsequent design 

iterations where geometric changes are necessary.
The GEKO model parameters are typically defined as general co-

efficients uniformly applied across the entire flow domain. This 
approach has limitations, as flow characteristics can vary significantly 
across different regions. Using a single set of coefficients may not 
adequately capture the localized behaviors of complex flows. Therefore, 
tuning the model to specific regional conditions can yield better results. 
To address this, a closure model can link the physical aspects of the flow 
with GEKO coefficients derived from the adjoint optimizer. ANSYS 
Fluent uses a data-driven, predictive modeling framework known as 
Field Inversion and Machine Learning (FIML), described by Parish and 
Duraisamy [29]. The FIML method in ANSYS Fluent functions as an 
online optimization process, training a neural network to associate flow 
conditions with appropriate GEKO coefficients. This occurs simulta-
neously with the adjoint optimization. Specifically, the adjoint system 
determines the sensitivities of design parameters relative to the 
observable. When these are modified by a small delta, the ML is trained 
to map flow characteristics to the corresponding coefficients. As flow 
characteristics evolve during the simulation, the NN adapts, mapping 
these characteristics to optimal design parameters. Through this inte-
grated process, the optimization results in the simultaneous fine-tuning 
of both the design parameters and the NN, allowing to predict these 
parameters effectively for similar future simulations.

The machine learning model used is a feedforward NN [12], denoted 
as Multi-Layer Perceptron. The network consists of an input layer, three 
hidden layers with 24, 16 and 8 topology nodes for the first, second, and 
third layer, respectively, and an output layer. The use of nonlinear 
activation functions in the hidden layers allows it to represent complex 
dependencies in the data. This study uses the Softsign activation func-
tion, since previous research [15] indicates that the choice of activation 
function has only a minor impact on the final optimization outcome. The 
output layer consists of the selected coefficients Ci, listed in Section 2.1, 
to allow for an element-wise tuning of the solution field. For input fea-
tures, the non-equilibrium parameter, the second, third, fourth, and fifth 
invariants, and the length ratio are utilized.

2.4. Optimizing and tuning

The optimization process starts with generating an initial flow so-
lution using standard GEKO parameters until convergence. Once the 
flow converges, the observable value is calculated. Observable evalua-
tion method is defined as instantaneous. From this solution, the input 
variables are used for the ML algorithm, which maps the GEKO co-
efficients to the input flow variables for every cell within the domain. 
The adjoint problem is then solved to convergence, enabling the calcu-
lation of sensitivities for each design parameter. Updated design pa-
rameters are determined based on these sensitivities, and the NN�s 
weights are updated accordingly (Fig. 1 third box). This iterative cycle � 
comprising flow solution, ML training, and adjoint solution � continues 
until the observable is minimized to the desired level. Throughout the 
iterations, the neural network is continuously trained as well as the flow 
converges.

A required aspect of the tuning process involves referencing a more 
accurate simulation, or alternatively, experimental measurements. In 
this context, incorporating LES enhances the predictive capability of a 
RANS model. Since CHT simulation is sensitive on a much lower time 
scale, conducting CHT simulations while solving the flow field with an 
LES approach requires significant computational expense. To mitigate 
this, an initial RANS simulation provides boundary conditions for the 
subsequent LES model, reducing the computational cost. Temperature 
boundary conditions are considered for close alignment with CHT sim-
ulations (Fig. 1 first box). Following this, an LES uses the boundary 
conditions derived from CHT simulations, averaging results over mul-
tiple flow iterations (Fig. 1 second box). The resulting average from LES 
data is used for calibration of the GEKO model via the adjoint optimizer 
and the NN, focusing on differences in heat flow rates at the flux barrier 
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area compared to LES-derived values (Fig. 1third box). In a subsequent 
validation step (Fig. 1fourth box), over-fitting checks against potential 
geometry and mesh dependencies, as well as operating parameter de-
pendencies, like the inlet pressure and the rotational speed of the ma-
chine, take place prior to using the tuned model for the intended 
sensitivity study. While LES provides high accuracy, its computational 
cost can be 100x higher than RANS due to mesh requirements and its 
inherently transient nature, making it impractical for rapid design it-
erations. In the FIML framework, the primary cost is the initial gener-
ation of high-quality training data (via LES or experiments). Additional 
costs include adjoint iterations, ML training, and convergence. However, 
once trained, the "online" deployment adds only marginal overhead 
compared to standard RANS, demonstrating high feasibility for indus-
trial applications requiring multiple design iterations.
Without re-tuning, the model can be applied for the purpose of a 

sensitivity study around the tuned condition of the validated geometry. 
The accuracy of the model is expected to remain high as long as the fiow 
configuration or boundary conditions do not change the flow field in a 
way, which could not be anticipated by the trained coefficients. To 
substantiate this point, we would like to refer to our previous work (cf. 
[11], fig. 15): the trained model failed to predict well under highly 
different fiow conditions, but kept performing well for minor geometry 
changes. However, when re-tuning is an option, a set of previously tuned 
coefflcients can be imported into a new simulation case. Whenever the 
physical or geometrical boundary conditions become changed, the 
GEKO tuning process could be restarted, if a high fidelity (e.g. LES) map 
of initial conditions exists for the new computational domain. The co-
efficients would be retrained to the new conditions.

3.Conflguration domain

3.1.Rectangular channel with transverse ribs for validation (Rau et al.)

The validation study in this paper is based on the transversely ribbed 
cooling channel geometry by Rau et al. [1], which is a popular 

benchmark for cooling flow with rib turbulence promoters (Fig. 2). The 
transverse ribs promote enhanced heat transfer and generate turbulent 
vortices by inducing fiow separation and reattachment. The configura-
tion domain is a rectangular, straight duct, defined with a uniform ve-
locity profile at a Reynolds number of 30,000, corresponding to fully 
developed, turbulent flow condition. The rib turbulators are installed 
periodically on two walls, facing each other, and deflned at isothermal 
boundary condition to account for the experimental heating. The 
remaining two walls are considered smooth and adiabatic. All surfaces 
are deflned at no-slip condition. The rectangular channel has a hydraulic 
diameter of dh =0.05m (Fig. 2). The ribs have a square cross section at a 
pitch-to-height-ratio of 10 and a height of 5mm. The validation study 
considers nine rib pitches in total per side, with four pitches being up-
stream of the sampling area, two pitches within, and another three 
pitches being downstream, followed by a pressure boundary condition 
outlet after three hydraulic diameters to allow for flow stabilization.
Both the GEKO simulations and the LES are conducted on a non- 

adaptive, wall-resolved 12M poly-hexcore mesh grid with 20 prism 
layers and a 0.35mm cell size in the test section. Computational cost for 
the LES is approx. 23,000 CPU hours in total. The RANS tuning is run for 
210ML design iterations, with each iteration requiring approx. 30min 
on 128 cores, amounting to a total of 13,500 CPU hours. 800 flow it-
erations per design iteration are applied, along with 400 adjoint itera-
tions. The NN is updating the turbulence model during each inner 
iteration. The observable is defined as the surface integral of absolute 
wall temperature and solved for with steepest descent approach [27]
and adaptive step size at a −10% target.

3.2.Optimization study of stator flux barriers in an annular electrical 
machine

The machine subject to optimization is based on a conceptual design 
of a five-phase FSCW PMSM. Introducing flux barriers in the stator of 
electric machines can enable higher torque production compared to 
traditional designs [25]. This alternative topology also increases the 
available cooling surface and reduces thermal path lengths. In contrast 
to conventional designs, cooling can be applied radially through the 
casing, via the flux barriers, and from the air gap [26](Fig. 3). The 
machine corresponds to a five-phase, 20-teeth, 24-poles motor. It is 
designed for a peak load of 65kW, a nominal load of 35kW, and a 
continuous gliding load of 8.5kW for a small two-seated electric glider. 
The machine is thermally simulated and heat source is uniformly 
distributed along the windings and lamination. Periodic boundary 
condition is applied, reducing the simulated computational domain to a 
tenth of the entire geometry (cf. Fig. 3). The domain is defined with inlet 
gauge pressure Δp of 600Pa, at a temperature of 300K (26.85 ◦C), and a 
zero-gradient outlet prescribed ten hydraulic diameters downstream of 
the test section (cf. Fig. 3b.).
The rotor is not simulated, yet a rotational boundary condition is 

applied to account for the 2500rpm rotational speed of the machine at 
nominal load. The slices where the domain is cut are joined by periodic 

Fig. 1.Summary schematic of the computational methodology workflow.

Fig. 2.Configuration of rectangular channel with ribs for validation according 
to Rau et al. [1].
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walls, and the remaining air walls are defined at no-slip boundary 
condition. More details about the anisotropy and material properties can 
be found in [26]. The losses of the motor are calculated using an elec-
tromagnetic simulation at nominal load. Substantial heat fiuxes from the 
EM (cf. Fig. 3c.) can be approximated into the motor core lamination 
(40%), into the housing (20%), and through the end windings (20%), 
and leaving approx. 20% of heat to be deducted via the air gap. The 
validation study in Section 4.2uses a baseline geometry with five ribs 
per side for air-fln cooling, with a rib thickness of 1.5mm, a rib sepa-
ration spacing of 2.0mm, and a fiux barrier gap of 4.0mm.
Both the GEKO simulations and the LES are conducted on a non- 

adaptive, wall-resolved 22M poly-hexcore mesh grid with 15 prism 
layers and a 0.25mm cell size in the region of interest. The RANS tuning 
is run for 120ML design iterations, 1400 fiow iterations per design 
iteration, and 600 adjoint iterations. The observable defines the absolute 
difference in heat fiow rate within the flns between GEKO simulations 
and LES, and is solved with adaptive step size at a −5% target. The RANS 
optimization to determine sensitivities are run for 7000 fiow iterations 
each, based on the tuned GEKO, costing approx. 2500 CPU hours per 
each design. It is fairly affordable, considering that this mesh had twice 
as many cells relative to the transversely ribbed channel geometry 
(Section 3.1).

4.Results and discussion

The following chapter is grouped into three sub-sections: firstly, 
GEKO model tuning and validation against test data by Rau et al. [1]and 
with LES from the authors; secondly, re-tuning of the GEKO model to be 
applied to air-fln cooling of an electrical machine, including LES vali-
dation; and thirdly, application of the re-tuned model for a design 
optimization with respect to rib separation, thickness and flux barrier 
gap.

4.1.Validation of RANS-GEKO tuning against LES and test data by Rau 
et al., using the rectangular channel fiow geometry

Relative to our previous work [11], which validated temperature 
profiles only for a different cooling application, both Nusselt number 
profiles and temperature profiles are validated in this study, increasing 
the confldence with the obtained solution. The observable used for the 
validation study is deflned as the surface integral of absolute wall 
temperature (Eq. 13). Its residual is decreased by an order of magnitude 
during an optimization process of 210 machine learning iterations. 
Otherwise, the simulations are run at the defaults implemented into 
Ansys Fluent 2024 R1. 

Fig. 3.Electrical machine simulation with a.) full CAD with stator and casing, b.) reduced domain for simulation with boundary conditions, and c.) x-y half section 
view with substantial heat fluxes.

Fig. 4.Comparison between RANS-GEKO, tuned RANS-GEKO and LES along a.) the bottom wall and b.) the side wall, respectively, as well as validation of c.) 
horizontal and d.) vertical Nusselt proflles against data by Rau et al. [1].
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J(q,C)=
∫
TdA−

∫
TLESdA (13) 

Results obtained using the tuned GEKO simulation for the validation 
geometry are presented in Fig. 4. The figure illustrates the normalized 
Nusselt number contours (Nu/Nu0) along the bottom wall (Fig. 4a.), and 
side wall (Fig. 4b.). In accordance with Rau et al. [1], Nu/Nu0 describes 
the ratio of heat convection between the smooth and ribbed channel 
section. In other words, the Nu/Nu0 contour plot highlights regions of 
locally increased or decreased heat transfer compared to the 
smooth-channel solution. The reference value Nu0 refers to the smooth 
channel, calculated from Nusselt correlation.
The standard GEKO solution results in a significant underprediction 

of turbulent kinetic energy, which can be seen by the absence of Nu/Nu0 
ratios greater than 2.0 in the un-tuned GEKO simulation (left column). In 
contrast, the tuned GEKO contours (middle column), which are the 
outcome of the procedure described in Section 3, appear to be much 
closer to the LES results (Fig. 4c., d.), showing a visually well-correlated 
color pattern, with Nu/Nu0 ratios well above 2.0 close by the bottom 
wall, and up to 2.7 along the fiow compression zone close to the side 
wall, respectively. The terms for TKE and SDR in the tuned GEKO so-
lution follow the LES pattern very closely, which is substantiated by an 
analysis along two sampling lines: Fig. 4c.) shows Nu/Nu0 over x/Dh, in 
the stream-wise direction, with data extracted along the z-centerline.
It is evident that the standard GEKO fails to pick up the turbulence 

levels required to describe this flow situation, while the tuned GEKO is 
able to follow the LES result more closely. It may be noted that the 
correlation between LES and experimental data by Rau [1]lies within 
5%, and following the trend closely, while the tuned GEKO would 
remain with deviations up to 7% from the experiment. The tuned GEKO 
correlates very well up to Nu/Nu0 =4.0, yet showing some deviation of 
the physics behavior between Nu/Nu0 =4.0 and 7.0. Secondly, analysis 
of the Nu/Nu0 behavior along the y/D0 coordinate, in the span-wise 
direction (Fig. 4d.), suggests a close correlation between the tuned 
GEKO model and the experimental data, with maximal deviations of 
only 5%. Interestingly, the LES appears to overpredict fiow compression 

along the edges, resulting in too high Nu numbers in the compression 
zone, and too low Nu numbers in the central core fiow. Both GEKO so-
lutions show an infiection point, which is not present in the LES nor the 
experimental data. Similarly, the standard GEKO (before tuning) would 
fall short of the turbulence levels seen in the other simulations, which 
can be justified with the tendency of k-ω-models to underpredict core 
flow turbulence intensity levels – unless those are tuned or blended with 
k-ε in a shear stress transport (SST) approach, allowing them to pick up 
the proper amount of core fiow turbulence.
Table 1further details the ML tuning efficiency by decomposing the 

adjustment knobs and interpreting their impact to the tuned result. The 
left column lists the flve ML parameters in use. The second and third 
columns detail their initial values, and tuned flelds, respectively. The 
fourth column visualizes the tuned fields in a centerline x-y contour plot 
inside the test section (cf. Fig. 1). To extract relevant data, color bars are 
normalized to the respective [min, max] value range occurring inside 
the test section. The final column provides an interpretation of these 
results.
Csep (cf. Table 1) describes the sensitivity of the turbulence model to 

separation due to adverse pressure gradients. The tuned ML solution 
does not deviate strongly from the initial value 1.75, suggesting a 
minimal <1% impact onto the fiow solution. Similarly, CNW, which is 
the near-wall coefficient, controlling length scales in wall-adjacent re-
gions, is suggested to retain only a small impact on the flow solution. Its 
tuned values deviate up to −0.46% and up to+0.14% from the initial 
constant 0.5, with the negative bias leading to slightly enhanced wall 
shear stress, possibly with a thinner boundary layer. The third ML 
parameter, CBF, is deflned between free shear flow at 1.0, and for wall- 
bound flow with no correction at 0.0. Since almost the entirety of the 
conflguration domain is near-wall, free shear effects are minimal, with 
possibly just a small portion in the fiow center being affected. Therefore, 
CBF remains almost inactive at a value 0.025 after the tuning.
The main adjustment of the study can be found with the ML 

parameter Ck (cf. Table 1). Its default value is 0, since the ML correction 
is formulated as an additional source term, which can add to (or, sub-
tract from) the right side of the TKE equation (k) (cf. Eqs. 1–4). Locally, 

Table 1 
Impact of machine learning parameters on the GEKO solution of the validation experiment by Rau et al. [1].

ML parameter Initial ML
value

Tuned ML
value

ML contour Interpretation

CSep 1.75 const. Max: 1.7506
Min: 1.7494

±0.034 %
Neglect <1 % impact.

CNW 0.5 const. Max: 0.5007
Min: 0.4978

[-0.46, +0.14] %
Neglect <1 % impact.

CBF [0, 1] Max: 0.0253
Min: 0.0243

≈2.5 % near-wall flow.
Neglect BF.

Ck
TKE(k)

0 Max: +0.12
Min: -0.01

59 % increase of kmax
kmax, init= 15.4 m²s-²
kmax, tuned= 24.5 m²s-²

Cω
SDR(ω)

0 Max: 0.0
Min: -0.045

Moderate SDRreduction.
ωtunedretains more TKE.

Ci,maxCi,min
lin

INIT TUNED

INIT TUNED
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an increase in k usually corresponds to a square-root increase of tur-
bulence intensity. After the ML tuning, Ck is strongly increased, its 
contours are showing maximal levels of+0.12 at a distance 50–150mm 
downstream of the rib. To evaluate the relevance of this Ck enhancement 
for the turbulence levels, an additional set of contours for the kinitial and 
ktuned contour fields are added to the interpretation column under Ck 
(Table 1). The color bar for these contours is fixed at 0 (blue) and at 
maximal value 25m2s−2 (red). The result documents a 59% increase of 
maximal k, starting from an initial kmax of 15.4m

2s−2. Firstly, the 
overall turbulence levels are enhanced by the tuning (cf. Fig. 5, kinitial vs. 
ktuned plots), maintaining peak value just upstream of the rib, where fiow 
impinges upon the transverse rib and gets redirected strongly. Secondly, 
the local peak from the tuned Ck contour adds to the turbulence 
downstream of the rib, resulting in flow characteristics, which are not 
present in the initial TKE solution. In this area, the fiow compression 
zone from the rib has ended, allowing the fiow to realign closer to the 
wall again. Since the upstream recirculation zone of the next upcoming 
rib is already in the vicinity, an interaction between the two ribs would 
take place, resulting in the fiow pattern shown in Table 1. Despite the 
high levels of mixing, some boundary layer can form between each pair 
of ribs due to the moderate velocity magnitude. This outcome justifies 
the costly method of tuning by using machine learning: clearly, not 
simply the entire turbulence fleld is multiplied, but rather, local char-
acteristics are altered.
Lastly, the tuning of the ML parameter Cω results in a moderate 

impact on ω, which denotes the equation of SDR. A reduction of Cω 
would lead to reduced ω levels: the longer turbulent length scale leads to 
more mixing and a slower turbulence breakdown, which equals less 
dissipation. The ML tuning for Cω suggests a reduction to a minimal 
value of −0.045, which corresponds to a moderate reduction of ω. The 

ωinitial and ωtuned contours are plotted in the interpretation column on a 
logscale from 102 (blue) to 108 (red). Dissipation is slightly reduced in 
the area just downstream of the rib, referencing the similar area which 
was enhanced for TKE. Overall, the adjustment of SDR appears to be 
subordinate, relative to the strong adjustment of TKE levels.
In the upcoming Section 4.2, the above described, validated cali-

bration of machine learning parameters is used with a new observable, 
to guide the design of stator fiux barrier cooling in an electrical machine.

4.2.RANS-GEKO tuning with stator fiux barriers of the electrical 
machine

The stator flux barrier topology provides enhanced cooling areas, 
shorter heat paths, and access to the air gap, features uncommon in 
traditional electrical machine conflgurations. Model tuning is specif-
ically targeted at the finned region of the fiux barrier. The chosen 
observable (J) measures the absolute difference in heat fiow rates within 
the fins between GEKO simulations and LES. Optimization involved 120 
iterations, starting with an initial J of approximately 99.7W for the 
entire machine, which represents a 16% deviation between LES and 
GEKO calculations. Post-tuning, this difference decreased to 3.6W 
(0.6%) between LES and the optimized GEKO version.
Fig. 5a.) and b.) show the flow fleld of vertical planes (x,y) along the 

streamwise (z) direction. uxy/ufb describes the ratio of in-plane (vertical) 
velocity component uxy versus averaged flux barrier velocity ufb. Since 
the main flow component would be too large to allow for detection of 
small changes of the windward flux, only the planar velocity component 
is extracted, and a relative metric is introduced by dividing over the 
averaged fiow velocity inside of the flux barrier. Using that approach, 
improvements within strongly turbulent areas can be isolated, which are 

Fig. 5.Vertical fiow flelds along the stator flux barriers at a position a.) 5mm from the leading edge and b.) 5mm from the trailing edge; c.) bulk temperatures and 
d.) averaged heat transfer coefficient before and after RANS-GEKO tuning vs. LES.
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particularly significant for the heat transfer. Fig. 5a.) illustrates the fiow 
solution at z=5mm downstream from the leading edge a.), and 
Fig. 5b.) shows the contours 5mm upstream from the trailing edge b.). 
Coordinate system and plane section locations are visualized at the 
bottom of Fig. 5.
As expected, the x,y-slice at position a.) in Fig. 5carries significantly 

more kinetic energy compared to position b.), which is due to the fln- 
fiow interaction along the fin. Contours suggest an average uxy/ufb of 
0.2 along section a.), which is reduced to an average uxy/ufb of 0.1 along 
section b.). These averages are adequately represented by the LES and 
the tuned GEKO, while being slightly underestimated by the standard 
GEKO. Secondly, the results show the tuned GEKO simulation to pick up 
more of the peak velocity magnitude, as shown in the LES. For instance, 
the recirculation zone above the top rib reaches an uxy/ufb of approx. 0.5 
in the LES and the tuned GEKO, yet only 0.3 in the standard GEKO. 
Generally, a trend can be seen that the standard GEKO simulation lacks 
turbulence intensity in many near-wall areas, where the tuned GEKO 
results correlate well with the LES. Particularly, it is noted that the tuned 
GEKO shows an improved correlation to the boundary layer dynamics 
that were determined with LES.
Fig. 5c.) shows the averaged HTC along the axial direction (z) of the 

machine. The bulk average air temperature within the fiux barrier is 
used as the reference temperature for the calculation of the HTC, due to 
varying internal air temperatures along the test section, which are 
visualized in Fig. 5d.). The bulk temperature results are in excellent 
agreement with LES predictions, with minimal deviations of ±1.5%. In 
terms of HTC predictions, the overall behavior is improved to HTC 

deviations of ±7.5%, compared to the un-tuned model, which over-
predicted significantly with deviations of up to+32%.
Fig. 6visualizes the vertical section flelds of the turbulence param-

eters at the leading-edge position, in accordance to Fig. 5a.). The first 
column shows the tuned ML parameters Ck (Fig. 6a.) and Cω (Fig. 6d.). 
The second and third columns visualize the parameter fields of the tuned 
GEKO solution and the LES, respectively. In accordance with the 
learnings from the ribbed channel (cf. Table 1), it is found that CSep, CNW 
and CBF similarly take minimal impact during the ML tuning of the 
electrical machine, and while they are included in the ML model, they 
can be neglected during post-processing. Hence, the analysis of ML 
tuning for the annular air-fln cooling setup is focused on the TKE (flrst 
line in Fig. 6) and SDR (second line in Fig. 6) adaptations.
Firstly, Ck has a noticeable impact to the solution of kGEKO (Fig. 6b.), 

with moderate adjustments ranging mostly between+0.015 and 
−0.015. Clearly, most areas of vortical fiow in the fiux barrier gap, as 
well as the vortex roll-up region near the base plate (lamination), are 
tuned in the process to increase their local TKE. The improved correla-
tion between tuned GEKO solution (Fig. 6b.) and LES (Fig. 6c.) sub-
stantiates that the tuning has happened in the correct places: for 
engineering purpose, the overall characteristics are quite similar, 
particularly the turbulence levels of vortex roll-up in the rib separation 
gap are well correlated in their size and magnitude at around 
k=50m2/s2 maximum. Similarly, the sideward fiow motion around the 
ribs is very well aligned. It is noted that even after local TKE elevation, 
some level of turbulence deficit remains in the flux barrier gap towards 
the center of the machine, where the LES shows higher turbulence levels 

Fig. 6.Vertical section proflles at a position z=5mm downstream from the leading edge along the stator flux barrier. First line: TKE a.) ML parameter, b.) tuned 
GEKO solution, c.) LES solution. Second line: SDR d.) ML parameter, e.) tuned GEKO solution, f.) LES solution.
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relative to the tuned GEKO.
Comparing the Ck corrections to TKE between the fiow channel by 

Rau [1](Section 4.1) and the annular electrical machine, it is noted that 
very high ML corrections for TKE of 0.10 and above were not needed for 
the annular geometry (<0.02 max.). While the velocity levels are com-
parable, a reason could be that the fiow sees only a minor redirection to 
follow the stream-wise contour of the ribs, with a relatively small 
stagnation area upstream of the electrical machine. The GEKO model 
would need less correction for this case because the baseline tuning is 
already more representative of this fiow condition. In contrast, the rib-
bed channel (cf. Section 4.1) is oriented transversely to the flow direc-
tion, leading to stronger local fiow stagnation and a pronounced 
recirculation zone, which a standard RANS-GEKO model could not 
adequately resolve.
Secondly, the ML dissipation parameter Cω can be seen at a similar, 

moderate level in Fig. 6d.), with corrections ranging between −0.01 and 
0.03. Dissipation of the vortical fiow in the fiux barrier gap is reduced in 
the fiow core during ML, allowing the flow to maintain higher turbu-
lence levels towards the rib separation gaps. Additionally, an increase of 
turbulent dissipation can be observed in the near-wall areas surrounding 
the ribs, as well as along the vortex roll-up in the rib separation gaps. 
The resulting vertical SDR profiles from the tuned GEKO and the LES are 
plotted on a log-scale between ω=1000 1/s and ω=109 1/s, 
describing the value range of dissipation around the electrical machine. 
Correlation between the tuned GEKO and the LES is very high, with 
differences appearing minimal. Both simulations have a low-dissipation 
zone in the fiux barrier gap, elevated dissipation towards the roll-up 
vortex in the rib separation gap, and peak dissipation along the walls.
Comparing the Cω corrections to SDR between the ribbed channel 

(Section 4.1) and the annular electrical machine, both conflgurations 
display an overall moderate dissipation correction. Notably, while Cω is 
exclusively reduced for the ribbed channel (up to −0.045), Cω correc-
tions for the stator flux barrier system are locally positive or negative, 
ranging between −0.01 and 0.03. The latter ML correction forces more 
fiow away from the fiux barrier gap and into the rib separation gap, 
therefore requiring both positive and negative terms to compensate for 
the improved fiow pattern.

4.3.Optimizing the stator fiux barrier flns with the tuned RANS-GEKO 
model

Based on the re-tuned GEKO model, a sensitivity study is conducted, 
to determine the theoretical effects of geometrical variation, including 
rib separation, rib thickness, and flux barrier gap, on the maximal stator 
temperature and the pressure drop across the flux barriers. Simulation 
uncertainty is deflned at a ±4% relative error due to grid discretization 
and boundary condition uncertainty, which could be due to fluctuating 
wind velocity.
Firstly, Fig. 7a.) shows the effect of rib separation, signifying the 

spacing in-between individual ribs, which is varied within a gap size 
between 1 and 3mm. Simulation results are almost insensitive to the 
maximal temperature, which is at 126 ±1 ◦C across the investigated gap 
range. Pressure drop exhibits a moderate sensitivity to the rib separa-
tion, with 240Pa at 1mm distance, and 200Pa at 3mm distance, 
respectively. The optimal appears to be around 2.5mm, with a moderate 
pressure drop of 210Pa, and temperature of 125 ◦C. In practicality, the 
rib separation distance shall be selected large enough so that the risk of 
clogging the air-gap with dust, debris or oil mist can be mostly omitted. 
Therefore, industry solutions tend to be on the high end of the investi-
gated range.
Secondly, simulation of the rib thickness (Fig. 7b.) varies the thick-

ness per rib between 1mm and 3mm, at constant rib separation 
spacing. This results in a differing thermal behavior: at a rib thickness of 
1mm, maximal temperature is at 118 ◦C, while at 3mm, maximal 
temperature increases to 132 ◦C, respectively. This outcome spans a 
greater temperature range, as well as a higher maximal value, 

attributing a high sensitivity of stator fiux barrier temperature to the rib 
thickness. In contrast, analysis of the pressure drop displays a moderate 
sensitivity, with Δp ranging between 232Pa at 1mm, and 218Pa at 
3mm rib thickness, respectively. Therefore, rib thickness optimization 
favors the lower end of the investigated range. In practice, rib thickness 
can be selected small, with its minimum limit being the sheet thickness 
of solid sheet metal, which would be approx. 0.2mm for standard 
application. Upon punching metal, the material thickness should not 
exceed its cross-sectional width substantially, and allow for proper 
stacking of the processed sheets.
Lastly, adjustment of the flux barrier gap (Fig. 7c.) is studied in a 

range between 1mm and 5mm, while thickness and separation are kept 
constant. Logically, the fiux barrier gap is inversely correlated to the rib 
length. Maximal temperature rises from 115 ◦C to 124 ◦C, while pressure 
drop is reduced from 282Pa to 227Pa, respectively, when the flux 
barrier gap is increased from 1mm to 5mm. In practice, a flux barrier 
gap of only 1 or 2mm could not be recommended due to the low torque 
generation. The electromagnetic effect would be reduced at a low fiux 
barrier gap, which could cause some of the fiux to remain between the 
stator segments, rather than the intended flux between the stator and 
rotor. The optimal stator fiux barrier gap for EM application of this size 
class would be on the high end of the investigated range, approx. be-
tween 4mm and 5.5mm.

Fig. 7.Effects of a.) rib separation, b.) rib thickness and c.) flux barrier gap on 
the maximal temperature and pressure drop along the stator flux barrier.
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5. Conclusion

In summary, the adjoint optimizer strategy integrated with machine 
learning demonstrates strong potential in enhancing HTC estimations of 
air-cooled fin configurations, such as stator flux barriers. With GEKO 
tuning, overall turbulence levels are adequately enhanced compared to 
the standard turbulence model, and secondly, the solution maintains 
higher turbulence levels in near-fin regions, resulting in enhanced local 
shear velocity. Consequently, the correlation with LES results and vali-
dation test data is substantially improved. Quantitatively, tuned GEKO 
results improve the correlation to test data for the transversely ribbed 
channel geometry, reducing deviations to a maximum of 7% along the 
stream-wise direction and 5% along the span-wise direction. This tuning 
is primarily achieved through a local enhancement of the ML parameter 
Ck, leading to an increase in turbulent kinetic energy of up to 59% in the 
regions located immediately upstream and downstream of the rib.

When tuning the GEKO simulation for the specific stator flux barrier 
geometry, the absolute difference of the heat flow rate within the fins is 
chosen as the optimizer observable. During re-tuning, ML parameters Ck 
and C� become impactful, while the remaining ML parameters could be 
neglected for future investigations. Quantitatively, a heat flow rate 
offset of 16% has been reduced to deviations below 0.6% for this tuning 
application. The tuning passes its checks against potential over-fitting, 
and improves the HTC prediction from a ‡32% error to �7.5% devia-
tion, while the temperature error of the tuned model is within only 
�1.5%. Beyond that, the investigation does not indicate any adverse 
impacts of the tuning on the HTC predictions in other areas of the 
electric machine.

Lastly, the tuned and validated model is used for a sensitivity study of 
maximal stator temperature, and of pressure drop in the surrounding 
airflow. Sensitivities are reported with respect to three design parame-
ters of flux barriers, namely rib separation, rib thickness, and flux barrier 
gap. It is found that with higher length dimension, pressure drop would 
decrease for all cases, while maximal temperature along the stator flux 
barrier would generally increase. Temperature is shown at a high 
sensitivity to the rib thickness, with a peak value of 118 �C at 1 mm, and 
132 �C at 3 mm, respectively. An exception to these trends is determined 
for the rib separation, for which temperature appears fairly insensitive 
to its separation gap, with an optimal value of 125 �C at 2.5 mm. In 
conclusion, the presented ML method demonstrates great potential in 
accelerating the development of novel designs with complex flow fea-
tures, by means of locally tuning coefficients of a cost-efficient RANS 
simulation.
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