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ABSTRACT 

With the increasing focus on the electrification of personal mobility, shortened development cycles with 

high cost pressure have to be managed quicker than ever in the Automotive Industry at minimal 

development cost. As a global automotive supplier, Mubea develops novel manufacturing technologies 

for new products in the electric powertrain. One example in the battery case of battery electric vehicles 

is the thermal management system of the traction batteries - a key factor in the battery case. As a new 

production technology for this product, the Mubea Rollbonding Process of aluminum offers several 

advantages, such as a high design freedom of the channel structure.  

 

For the product development – even though Mubea consequently makes use of automated simulation 

workflows – the turn-around time of a single CFD performance evaluation is still high. Therefore, our 

goal is to use all the historic simulation results from past projects to build a predictive model that allows 

the prediction of simulation results in real-time. However, given the high freedom in the design space 

allowed by the Rollbonding process, standard Machine Learning approaches, based on parameters, are 

not suitable. Hence, there is the need to directly process 3D geometries as such.  

 

Using historical engineering data, the unique deep learning approach of Neural Concept is able to predict 

unseen designs in seconds rather than hours, directly from the raw CAD file. This innovative approach 

allows Mubea to iterate faster and shorten the response time on customer enquiries. In conjunction with 

other design disciplines and  manufacturing data, we look forward to have not only an AI-based design 

evaluation but also a tolerance-aware design optimization. 

 

In this paper we present an innovative strategy to utilize historic simulation results, and the 

corresponding 3D geometries, to predict the performance of new designs instantaneously. After 

explaining the underlying approach, first results are discussed. It can be shown that with as little as 100 

training samples, this approach is able to deliver predictions with sufficient accuracy and over 90 % of 

lead-time reduction. Finally, we explain how Neural Concept and Mubea are collaborating to embed 

this approach in the Mubea design and simulation environment.  

 

1 INTRODUCTION 

Rollbonding (RB) is a manufacturing process where two or more metallic sheets are welded 

together by a flat rolling process. The bonding can be performed at room temperature or after a 

heat-treatment – in warm condition [1]. Applications of this process range from production of 

bimetal sheets for electric engine components to manufacturing of heat exchangers. Since it is 

possible to print a separator medium on one of the sheets with a pattern the bonding can be 
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controlled: Only the bare metal surfaces are bonded, while the painted surface remains 

separated [2]. The joined plate is inflated by applying pressurized air after the rollbonding, 

which forms out a channel geometry. Fig. 1 shows the basic principle.  

 

 
Fig. 1. Schematic illustration of the manufacturing of rollbonded plates 

With increasing focus on electrification of personal mobility, the commonly known 

manufacturing process for freezers and refrigerators was advanced by Mubea to fulfill the 

requirements of automotive thermal management systems. The Mubea rollbonding process 

delivers thermal management systems that are characterized by the highest cooling and heating 

capacities as well as outstanding economy and maximum design freedom. The channel design 

can be varied in topology as well as in geometry. As shown in Fig. 2 the topology can be 

anywhere between a dimple design and classical channel design. The high design freedom 

makes it possible to truly optimize the cooling systems performance, but requires several dozen 

of design iterations. 

 

 
Fig. 2. Design freedom of rollbonded plates 

To design the cooling channels adequately, the thermo-hydraulic behavior is simulated using 

computational fluid dynamic (CFD) codes. The designer evaluates key performance indices 

(KPIs) like the maximum temperatures, fluid velocities and pressure drop throughout the design 

process. Due to the shape of the cooling plate (approx. 1500 mm x 2000 mm x 3 mm), a 

simulation model that covers all details consists of around 30 million cells. To reach a steady 

state numerous iterations have to be calculated by the CFD solver on a high performance 

computing cluster.  

 

Since 2015 Mubea continuously works on the application of optimization methods on the 

design of body components [3]. We identified the automated design evaluation as huge synergy 

between manual and automatic design optimization. Hence, we democratized simulation 

methods and enabled our designers to evaluate performance without the need of becoming a 

CAE expert. Even though our designers can evaluate on themselves, the turnaround time is in 

the range of a day. This is why a quicker design evaluation becomes necessary to enable 

automatic design optimization and faster manual design .  

 

Classical design optimization is based on parameterized designs and the evaluation of scalar 

KPIs. Design variables are expressed as vector 𝒙, while responses are denoted as vector 𝒚, with 



 

  

𝑥, 𝑦 ∈ 𝑅𝑛. The general relationship between design variables and responses can be expressed 

as:  
𝒚 =  𝑓(𝒙) (1) 

 

Here 𝑓 is the simulation model. For computational demanding tasks, optimization algorithms 

typically are not applied to the design problem directly but to a surrogate problem [4]. A so 

called metamodel is trained based on machine learning algorithms to predict the KPIs by 

interpolating the performance landscape given a low dimensional parametrization of the shape 

space. This metamodel is then used as a proxy for the true objective to speed-up the 

computation. The altered model relationship can be expressed as: 

 

�̂�  =  𝑓(𝒙) (2) 

 

Now the simulation model is replaced by the approximation 𝑓, which delivers predicted responses 

�̂�. To train a metamodel, necessary training data is generated based on a design of experiments, 

where parameters are varied in a controlled manner to reach a good design space coverage [4]. 

 

However, this approach is only effective for shape deformations that can be parameterized using 

relatively few parameters. Their performance therefore hinges on a well-designed 

parameterization. Furthermore, the models are specific to a particular parameterization. 

Historical simulation data lacking a joint parametrization cannot be leveraged easily. 

 

Therefore, when designing rollbonded cooling plates, two challenges arise: 

1. Response distributions are of interest, hence we need a prediction of the response field 

rather than scalar KPIs, 

2. A meaningful parametrization of the design space is nearly impossible when the design 

freedom of the technology shall be covered. 

 

A common approach to tackle the first challenge is the so-called reduced order modeling 

(ROM), which enables the prediction of field responses. Based on an proper orthogonal 

decomposition (POD) the field response can be expressed with a reduced set of eigenvectors 

and predicted based on classical metamodeling [5, 6, 7]. The downside of this approach is that 

the field response is smoothed and non-linearities are not well captured. Other than that, a good 

parametrization is still needed.  

 

The Neural Concept approach, based on 3D Deep Learning and Geodesic Convolutional Neural 

Networks (GCNN), is the first AI approach which is able to deal with unstructured 3D data 

from CAD geometries directly, and learns how they interact with the laws of physics. It is able 

to predict both global quantities and fields responses from a single geometry. As neural 

networks are designed to model any response function, they are also able to accurately capture 

even highly non-linear phenomena, or discontinuities in the physical response. Moreover, as 

this approach is handling raw CAD data, it is free from any underlying parametrization of the 

geometry. This means these predictive models can learn from many different topologies from 

various sources, hence handling a much wider design space. This is especially suited for use-

cases with a large freedom in the design space, as enabled by the Mubea Rollbonding process.  

 

In this work, we applied the Neural Concept Shape approach to a set of historical CFD 

simulations of cooling plates.   
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2 AI BASED PREFORMANCE PREDICTION WITH NEURAL CONCEPT SHAPE 

The Neural Concept Shape approach is based on Geodesic Convolutional Neural Networks 

(GCNN). These neural networks models are able to deal with a 3D representation of the 

geometry and extract the relevant features from it. This is the result of years of research from 

the Computer Vision Laboratory of EPFL, later further developed and implemented by Neural 

Concept [8].  

 

It uses multi-scale geometric neural networks, through a combination of surface such as 

geodesic and euclidean network architectures. The first part of the model pre-processes the 

input and constructs a set of features by means of the previously introduced geodesic 

convolution operations. These features are used to predict the global scalars via average pooling 

within two dense layers. The second branch of the network generates fields relying on an 

additional set of geodesic convolutions and point-wise operations. The global architecture is 

shown with Fig. 3 

 

This new network takes advantage of a GPU efficient implementation of geodesic convolutions, 

removing the need to use a Cube-Mesh mapping or any prior remeshing. 

 

 
 

 

 

 
 

 

 

 
 

 

 

 

 
 

 

3 APPLICATION TO COOLING PLATES 

In the development process of cooling plates, the task of the designer is to develop a channel 

topology that provides an uniform temperature distribution with minimum pressure drop Δ𝑝. 

Module areas, heat flux 𝑄, inlet temperature 𝑇𝑖𝑛𝑙𝑒𝑡 as well as the mass flow rate �̇� are given 

quantities. Fig. 4 depicts those analysis quantities.  

  

Fig. 3. Neural Concept Shape network architecture 



 

  

Fig. 4. Cooling plate with analysis quantities 

Mubea uses Ansys Fluent to solve the underlying steady state conjugated heat transfer problem 

by applying a coupled solution scheme and k𝜔-SST turbulence modeling. As important as the 

right specification of material properties is the appropriate meshing of the geometry. In order 

to correctly model the thermal behavior on the fluid wall, mesh refinement is applied. This 

results in a high number of elements, long meshing and solving times and huge amount of data 

to handle in post-processing. Even though meshing, solving and post-processing can be done 

without user interaction, it still requires serious time. A typical mesh is shown in Fig. 5. 

 
Fig. 5. Cut through a channel mesh (gray: top / flat side, green: coolant, red: bottom / channel side) 

In order to speed up the design evaluations, the Neural Concept Shape algorithm was trained 

using historical project data. The used data originates from five different vehicle programs, 

whose project and design space characteristics are quite different, as shown in Table 1. In 

addition to the design space, also the input parameters vary between projects: the inlet mass 

flow �̇� ranges from 6-16 l/min, the inlet temperature 𝑇𝑖𝑛𝑙𝑒𝑡 is defined within a range of 288.15-

298.15 K, while the module heat flux  𝑄 varies within 1.7-6.1 kW/m². 

 
Table 1. Characteristics of the different vehicle programs 

Vehicle program Number of 

modules 

Average plate 

length [mm] 

Average plate 

width [mm] 

Number of 

samples 

A  9 2000 1000 25 

B 5 2300 650 33 

C 4 1150 500 27 

D 3 800 550 33 

 

To train a model, first the inputs 𝒙 and the output quantities 𝒚 have to be defined. The new 

aspect here is, that next to the obvious inputs, heat flux 𝑄, inlet temperature 𝑇𝑖𝑛𝑙𝑒𝑡 and mass 

flow rate �̇�, the geometry is used as it is, without further simplification. Anyhow, the geometry 

file has to contain the relevant areas such as the inlet and outlet surfaces, the module areas as 

well as the solid and fluid regions.  
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The aim of the model is to predict all relevant responses the designer typically analyzes such 

as: temperature field on the top of the plate 𝑻𝑡𝑜𝑝, velocity field in the fluid midplate 𝒗𝑓𝑙𝑢𝑖𝑑, 

temperature field in the fluid midplane 𝑻𝑓𝑙𝑢𝑖𝑑 , pressure field in the fluid midplate 𝒑𝑓𝑙𝑢𝑖𝑑 , 

pressure drop Δ𝑝, maximum top plate temperature 𝑇𝑡𝑜𝑝,𝑚𝑎𝑥, maximum fluid velocity 𝑣𝑓𝑙𝑢𝑖𝑑,𝑚𝑎𝑥 

and max fluid temperature 𝑇𝑓𝑙𝑢𝑖𝑑,𝑚𝑎𝑥. 

 
3.1 EVALUATION OF PREDICTION ACCURACY 

Based on the mentioned inputs and outputs a model is trained using 108 training samples from 

the vehicle programs A-D. The training took about 30 h on a single NVIDIA Tesla K80 GPU. 

Afterwards the model was tested with 10 samples that were hold out.  

 

To evaluate the prediction accuracy of the model, the relative mean absolute error 𝑒𝑅𝑀𝐴𝐸  is 

calculated across all 𝑛𝑑 samples, by normalizing the mean absolute error 𝑒𝑀𝐴𝐸 with the value 

range of the sample: 

 

𝑒𝑀𝐴𝐸  =
1

𝑛𝑑
∑ |𝑦𝑖 − �̂�𝑖|

𝑛𝑑

𝑖=1
 (3) 

  

𝑒𝑅𝑀𝐴𝐸 =
𝑒𝑀𝐴𝐸

𝑦𝑚𝑎𝑥 − 𝑦𝑚𝑖𝑛
 (4) 

 

Table 2 shows the RMAE for the different field responses, averaged across the samples of the 

programs. The error is within an appropriate range below 10 % with 6.78 % as maximum and 

4.15 % as mean. 

 
Table 2. Field prediction accuracy of the test set averaged across different programs 

Program  𝑻𝑡𝑜𝑝 [%] 𝒗𝑓𝑙𝑢𝑖𝑑 [%] 𝑻𝑓𝑙𝑢𝑖𝑑 [%] 𝒑𝑓𝑙𝑢𝑖𝑑 [%] 

A 2.47 2.47 5.81 6.00 

B 3.21 2.08 5.89 6.78 

C 4.42 4.33 5.47 4.43 

D 1.66 3.78 3.26 4.28 

 

Table 3 shows the prediction errors on the scalar KPIs as absolute and relative values. For most 

programs, the error is far below 1 %, while single responses show errors of up to 9.1 %. The 

mean error is 2.01 %.  

 
Table 3. Scalar prediction accuracy of the test set averaged across different programs 

Program  𝑇𝑡𝑜𝑝,𝑚𝑎𝑥 [K] 𝑣𝑓𝑙𝑢𝑖𝑑,𝑚𝑎𝑥 [m/s] 𝑇𝑓𝑙𝑢𝑖𝑑,𝑚𝑎𝑥 [K] Δ𝑝 [Pa] 

A 0.0481 (0.02 %) 0.0742 (2.91 %) 0.0820 (0.03 %) 1146.8 (4.75 %) 

B 0.1625 (0.05 %) 0.2592 (5.23 %) 0.0709 (0.02 %) 978.0 (3.29 %) 

C 0.2285 (0.07 %) 0.3614 (9.10 %) 0.3614 (0.01 %) 412.3 (0.84 %) 

D 0.0763 (0.02 %) 0.1583 (5.09 %) 0.0742 (0.09 %) 285.3 (0.71 %) 

 

To show the qualitative difference between simulation and model prediction, two characteristic 

test samples are selected (B20 and C14). 



 

  

 

Fig. 6 shows a good prediction with minor differences in the values on sample B20. Here the 

maximum error is 0.266 K (6.65 %), which is fairly low. Hotspots are well captured in position 

and size. Most predictions in the test set are comparable to this in quality. In  

Fig. 7 “the worst” prediction from the test sample C14 is shown. This prediction misses several 

hotspots and has a maximum error of 1.35 K (9.64 %).  

 
Simulation 

 

Prediction 

 
 

Absolute Prediction Error 

 
 

Temperature in K 

 

Temperature in K 

 
 

Fig. 6. Prediction of temperature field on the top of the plate 𝑻𝑡𝑜𝑝 of Sample B20 

Simulation

 

Prediction 

 

Absolute Prediction Error 

 
Temperature in K 

 

Temperature in K 

 
 

Fig. 7. Prediction of temperature field on the top of the plate 𝑻𝑡𝑜𝑝 of sample C14 

 
3.2 EVALUATION OF MODEL UNCERTAINTY 

In order to use the NCS prediction in project context rather than CFD simulations, hotspots 

have to be captured accurately and the prediction error should be low in general. Worst case 

would be when the prediction drives the design in the wrong direction. In order to judge if a 

prediction is reliable, the evaluation of the model uncertainty is a possible method.  

 

To derive the model uncertainty, the model was trained in such a manner, that it was not only 

learning the function that maps inputs to the outputs, but it also was learning the distribution of 

possible outputs given a single input. Thus, during inference, the model produces an ensemble 

of predictions sampled from this learned distribution. While the average of this ensemble is 

considered to be the actual output prediction, double of its standard deviation is taken to be the 

95-% confidence interval for uncertainty estimation. 
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Fig. 8 and  

Fig. 9 show the prediction uncertainty on the two test characteristic test samples.  

On sample B20, the uncertainty and the error do not correlate well. Areas of high uncertainty 

show low errors and vice versa. For sample C14 the uncertainty is high in the areas of high 

error and especially in regions where hotspots were missed.  
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Fig. 8. Prediction uncertainty on sample B20 
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Fig. 9. Prediction uncertainty on sample C14 

 
3.3 EVALUATION OF GENERALIZATION CAPABILITY 

The shown results were created by using the same vehicle programs for training and validation 

of the model. In the industrial context, the generalization capability of the model is of high 

interest. Therefore, we evaluated how good the approach can predict the unseen vehicle 

program, by training a model with vehicles A-C and validating against D.  

 

Because the training space of vehicle D was different to A-C, two samples from program D 

were used to transfer the learned model to the new boundary conditions. After adding just two 

samples from the new program, the overall location of the hot-spots was predicted correctly, 

while the difference in the field prediction reaches 20 % of the value range (Fig. 10). 

 

After training the model with five samples from program D, the prediction got more accurate 

and difference in the field prediction drops below 10 %, as shown in Fig. 11. 
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Fig. 10. Prediction with two samples from unseen program  
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Fig. 11. Prediction with five samples from unseen program 

4 CONCLUSION AND OUTLOOK 

With the presented approach it is possible to predict full field responses based on scalar 

parameters in conjunction with native CAD input. This enables the re-use of historical 

simulation results in order to train predictive models. For the prediction of the thermo-hydraulic 

performance of Mubea Rollbonded Cooling Plates, 118 historic CFD simulations were used for 

model training and verification.  

 

As shown in Section 3.1 the overall prediction error is below 10 %. Given the fact that 

predictions can be generated in quasi real-time, the model performance is rated well. With the 

help of such a model the designer can quickly evaluate dozens of design ideas until a reaching 

certain maturity. Nevertheless, it is necessary to validate the final design with the legacy CFD 

process and make adjustments were necessary.  

 

Whenever a critical area in the prediction shows a high uncertainty, this might be an indication 

for the necessity to evaluate the design with a full blow CFD run. With the uncertainty 

prediction shown in section 3.2, the designer is enabled to judge when a CFD verification is 

required.  
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After studying the generalization capability of the algorithm in section 3.3, it can be concluded, 

that an existing model can be adapted well to new circumstances. In the presented study, the 

prediction error was below 5 % after adding five samples from an unseen project. With Mubea’s 

PLM and SDM databases, the amount of project data is continuously growing. Automated 

simulation workflows in the hands of CAD-designers further accelerated this data growth.  

 

Using historical data, expert users can now create model training workflows on the NCS 

platform. With web technology, the finalized models are deployed via REST-APIs or web 

interfaces. This enables Mubea CAD-designers to evaluate the models in batch mode or to 

investigate the performance in an interactive manner easily.  

 

As explained in section 1, optimization methods are hard to apply to cooling plate design 

problems. With the NCS approach, optimization becomes feasible again, by searching for 

optimal topologies in the GCNN embedding. To achieve this we look forward to integrate more 

simulation load cases in the training process. This enables the designer to firstly evaluate 

manufacturability, stiffness and durability more quickly and secondly delivers a holistic model 

for the topology search.  

 

Data from manufacturing and quality assurance delivers information about the scatter of 

material properties, in conjunction with manufacturing simulations it is possible to derive the 

geometric variation of the channel geometry. Training the NCS algorithm with this data will 

enable us to include 3D manufacturing tolerances in the topology search and guarantee 

robustness and reliability.  
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