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Coverage Path Planning of Thermal Interface Materials (TIM) plays a crucial role in the design of power electronics 
and electronic control units. Up to now, this is done manually by experts or by using optimization approaches with 
a high computational effort. We propose the novel AI-based approach DeepTIM to generate dispense paths for TIM 
and similar dispensing applications. It is a drop-in replacement for optimization-based approaches. An Artificial 
Neural Network (ANN) receives the target cooling area as input and directly outputs the dispense path. Our 
proposed setup does not require labels and we show its feasibility on multiple target areas. The resulting dispense 
paths can be directly transferred to automated manufacturing equipment and do not exhibit air entrapments. The 
approach of using an ANN to predict process parameters for a desired target state in real-time could potentially 
be transferred to other manufacturing processes.

1. Introduction

Thermal Interface Materials (TIM) are essential for thermal manage

ment in power electronics and electronic control units. They are applied 
to a target cooling area with an automated CNC machine during automo

tive series manufacturing along a path. This dispense path is compressed 
during the consecutive joining of the heatsink and the TIM spreads over 
the cooling area. Ideally, the compressed state matches well to the cool

ing area and no material flows beyond the cooling area. Air entrapments 
significantly inhibit thermal performance and need to be avoided [1]. 
The design of dispense paths for related applications such as adhesive 
dispensing follows very similar boundary conditions.

2. Related work

Baeuerle et al. [2] propose the optimization-based approach TIM

trace, which is successfully validated on real-world products. A draw

back is its long computation time. Baeuerle et al. [3] train an ANN to 
serve as flow behavior model for TIM. This ANN is tested in TIMtrace 
for dispense path planning. In parallel to our research activity, Scholtes 
et al. [4] recently mention a forward-backward model, which is used 
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to design two-dimensional dispensed states for adhesives. The underly

ing forward ANN is similar to the flow behavior model ANN of Baeuerle 
et al. [3]. We discuss the limitations of the implementation by Scholtes 
et al. in Section 5. Sideris et al. [5] optimize the temperature distribu

tion during additive manufacturing by adapting the deposition path. The 
field of amortization learning is conceptually related. Instead of optimiz

ing target variables for each setting, the target variables are predicted 
by a Machine Learning model. Bitzer et al. [6] propose an approach 
to infer the hyperparameters of a Gaussian process for a given dataset. 
For a more extensive elaboration of related Coverage Path Planning ap

proaches, we kindly refer to our recent publication TIMtrace [2].

We introduce the novel AI-based design generation approach Deep

TIM, which infers dispense coverage paths for given target areas. We 
directly design the dispense path in an end-to-end fashion and include 
air entrapments in our objective function. We show the feasibility of our 
new approach and discuss its benefits and drawbacks.

3. Method

The overall approach with its functional components is shown in 
Fig. 1. The pretrained quality model ANN as shown on the center-right 
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Fig. 1. Approach of our newly proposed training setup. No labeled training data is needed. The process model ANN on the left is trained (indicated by the fire icon) 
with the help of the quality model ANN on the center-right. The quality model ANN itself is composed of multiple individual models - namely the 2D discretization 
ANN, the flow behavior ANN and the void detection ANN. During the training of the process model ANN, the weights of the pretrained quality model ANN are frozen 
(indicated by the ice icon). After training, the process model ANN can predict dispense paths for any given target cooling area.

is composed of multiple ANNs. We utilize the functional components 
for the 2D discretization, the flow behavior and the void detection from 
the TIMtrace approach to generate the required training data. ANNs are 
pretrained for each of those functional components and together form 
a single pretrained quality model ANN. This pretraining closely follows 
the procedure as described by Baeuerle et al. [3] for the flow behavior 
ANN and relies on previously generated training data.

We link a second ANN -- the process model ANN -- to this quality 
model ANN. It receives target cooling areas as input and outputs the dis

pense paths, which are then fed to the quality model ANN. The output 
dimensionality of the process model ANN is fixed. We define 12 outputs, 
which correspond to the x- and y-coordinates of a polygonal chain with 
five segments and six path points. The dispense feedrate 𝑓 is set to ex

actly match the theoretically needed TIM amount 𝑉 for a given target 
area with 𝑓 = 𝑉 ∕𝑙 for a path with length 𝑙. The process model ANN out

puts dispense paths, which are directly fed into the quality model ANN 
as visualized in Fig. 1. The quality model ANN then predicts the objec

tive function value, which considers the area coverage and a potential 
void presence for a given path. The training labels are a constant opti

mum value of zero for the objective function for each input target area. 
Elaborate labeling activities are not required.

The gradient to train the model weights of the process model ANN 
is calculated with respect to the output of the quality model ANN. The 
gradient information travels back through the pretrained quality model 
ANN to the process model ANN as indicated in Fig. 1. This trains the 
process model ANN to output good dispense paths, since only well de

signed dispense paths can achieve low values for the objective function 
at the output of the quality model ANN. All weights of the quality model 
ANN are kept frozen and only the process model ANN is trained. Our 
approach enables to train the process model ANN to output feasible dis

pense paths without the need to provide any dispense paths as labels.

We use geometric outlines of living rooms from floor plans as input 
target areas to train our model. These shapes are easily available and 
similar enough to the actual cooling areas to assess the feasibility of our 
approach. They exhibit a union of multiple rectangular shapes, which 
are regularly present in real-world products. We use the following layers 
to build our process model ANN: Conv2D (32 3×3 filters), Conv2D (8 
3×3 filters), MaxPooling2D, Conv2D (1 5×5 filter), Flatten, Dense (64 
neurons), Dense (256 neurons), Dense (12 neurons). Training is carried 
out using an Adam optimizer with a learning rate of 0.000574 and a 
batch size of 8. This configuration has been identified after carrying out 
a hyperparameter optimization.

After training, the process model ANN is disconnected from the qual

ity model ANN and can predict dispense paths for new target areas.

4. Results

The ANN creates feasible dispense paths, which do not exhibit any 
voids and maintain a constant dispense feedrate. Fig. 2 shows the com

pressed state (grey) as overlay onto the target cooling area (green) along 
with the dispense path (light-yellow). The percentage of covered target 

Fig. 2. Output of the trained AI model for unseen target cooling areas. The 
upper row shows results for living room shapes as used during training. The 
lower row shows results for actual product geometries. Green: Target area, grey: 
compressed state of TIM, light-yellow: dispense path. The percentage of covered 
target area 𝐶 is indicated for each area.

Table 1
Quantitative comparison of our proposed ANN-based approach DeepTIM with 
the optimization-based approach TIMtrace [2]. A square cooling surface serves 
as exemplary target area. DeepTIM results are available significantly quicker.

DeepTIM (new) TIMtrace [2]

Virtual result 
(green: target area, yellow: 
dispense path, grey overlay: 
compressed TIM, using [3])

Experimental result 
(green overlay: target area, 
blue: compressed TIM, 
experimentally recorded)

Virtual area coverage 93.3% 96.7%

Experimental area coverage 91.8% 96.4%

Computation time <1 second ∼ 1 week

Path features single continuous 
bead, no voids

single continuous 
bead, no voids

area 𝐶 is calculated by dividing the sum of covered target area cells by 
the sum of total target area cells. The paths can be transferred easily to 
automated dispensing machines. The compressed states match the tar

get area well. All paths were predicted with computation times below 
one second. In contrast, TIMtrace has computation times of up to one 
week.

A quantitative comparison including experimental validation is 
shown in Table 1. We compare our proposed AI-based approach Deep

TIM with the optimization-based approach TIMtrace. While it shows 
slightly lower area coverage, DeepTIM significantly outperforms TIM

trace with regard to computation time.
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5. Discussion

The AI model is able to learn a design strategy by adapting a certain 
path shape to a given target area. This is similar to a human expert, who 
learns a design strategy from experience.

We achieve good area coverage results -- especially considering that 
we use simple polygonal chains with a length of only five segments as 
dispense paths. We notice drawbacks in result quality for products A and 
B, which both differ from our used training dataset. We expect a better 
generalization from using a training dataset with a higher variety of area 
shapes. Other modeling approaches such as transformer-based models 
could further improve the generalization capabilities. The shown re

sults that were obtained with the chosen ANN architecture exhibit some 
weaknesses regarding generalization but successfully proof the feasibil

ity of the DeepTIM approach. Non-optimum results could be used as a 
starting point for an optimization-based approach. During inference, our 
newly proposed approach has strong advantages over TIMtrace with re

gard to computation time.

Scholtes et al. design the dispensed pattern (=material distribution 
after dispensing) as opposed to the dispense path (=path of the dis

pensing tool). This involves many degrees of freedom for the design 
and makes it very difficult to formulate constraints directly on the path. 
A simple medial axis transform [7] yields visually similar shapes to 
Scholtes et al. and has low demands regarding implementation efforts 
and computational resources. In contrast to Scholtes et al., our proposed 
setup yields dispense paths that can be easily transferred to manufactur

ing machines. They do not exhibit air entrapments and can conveniently 
be dispensed as a single continuous bead.

6. Conclusion and outlook

We successfully train an AI model to predict TIM dispense paths with

out needing labeled training data. The resulting AI model can generate 
designs for dispense paths on unseen target cooling areas. Inference can 
be carried out in real-time. The generated paths are feasible and fully 
compatible with the manufacturing constraints of automated dispensing 
machines in series manufacturing.

We aim to study the transferability of our DeepTIM approach to other 
manufacturing processes, since it essentially enables an inline optimiza

tion of process parameters.
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