CNN-S FOR POSITION ESTIMATION IN
TDOA-BASED LOCATING SYSTEMS
Arne Niitsoo1, Thorsten Edelhäußer1, Chrispher Mutschler1,2
1 Fraunhofer Institut für Integrierte Systeme, Machine Learning and Information Fusion Group
2 Friedrich-Alexander University Erlangen-Nürnberg(FAU), Machine Learning and Data Analytics Lab
{arne.niitsoo | thorsten.edelhaeusser | christopher.mutschler} @iis.fraunhofer.de

Motivation
Object localization and tracking is essential for many
applications including logistics and industry. Many local
Time-of-Flight (ToF)-based locating systems use synchronized
antennas to receive radio signals emitted by mobile tags. The
conventional methods are robust, however they are not
capable dealing with nonlinear effects such as attenuation,
scattering, multipath and delusion of precision.
Goal
We want to use convolutional neural networks (CNN) to skip
feature engineering of conventional methods and if the model
generalizes for the nonlinear effects such as multipath. In order
to train CNN-s we need to generate a large dataset which is
then used to train and test the CNN model.

Figure 1: From CIR to pos ition ov erv iew.

We use the CIR from the antennas together with ground truth
positional data to train a deep CNN. The CNN models both the
linear and multipath propagation of the environment.

Figure 3: S hort and long s lice
ev aluation.

Figure 4: Multipath s cenario, EKF on the
left, our m ethod on the right.

Evaluation
To see whether our model managed to generalized or just
overfitted to the dataset, we tested CNN with short and
long slices, which were omitted from the training set, to see
whether our model generalizes (Fig. 3).
Results
The baseline approach is done with ZigZag dataset in line of
sight conditions with LM optimization over the dataset shows
us that our CNN method beats the „traditional“
approach(Table 1.). Further evaluation with the multipath
scenario is seen in Fig. 4 and the results displayed in Table 2.

Table 2: Multipath s cenario res ults betw een EKF and our m ethod.

We also compared different CNN architectures on the
Meander dataset and plotted the cumulative probability
distribution on Fig. 5.

Figure 2: Datas ets us ed in ex perim ents , from top left: Meander,
Hum anWalk, ZigZag , Dis placed Rectangles .

Figure 5: Cum ulativ e probability ov er the
Meander datas et.

Discussion
Table 1: Lev enberg-Marquadt Bas eline com pared to our m ethod on
the ZigZag datas et.

• It is possible to train CNN-s with CIR-s of TDoA-based
locating systems.
•INOur
method
outperforms
conventional
signal
processing
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approach under heavy multipath propagation.

