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Use-Case in Delta Learning
Machine Learning algorithms for radar data 
processing face the challenge, that the data 
format and quality is highly dependent on the 
specific geometry, components and signal 
modulation of the sensor. Therefore the re-
usability of algorithms and training data 
between different radar sensors is limited. To 
reduce the development time necessary to 
adapt deep learning solutions to different 
radar sensors, cross-sensor-adaptation 
strategies using synthetic radar data are 
developed and evaluated within the project.

Technical Problem
Specifically the angular resolution of radar 
systems in dependent on the overall aperture 
size, e.g. the maximum distance between the 
individual receiving antennas. Ideally such an 
antenna array would be a Uniform Linear 
Array (ULA) with receiving antennas separated 
by half the wavelength. These two 
requirements are conflicting, as a high 
aperture leads to many antennas and 
therefore high cost of the radar system. As an 
alternative, sparsely populated Minimum 
Redundancy Arrays (MRA) with a large overall 
aperture but reduced antenna count have 
emerged. However, MRAs have increased side 
lobes compared to ULAs, which add ambiguity 
to the angular resolution of the radar system.

Technical Solution
Using a raytracing simulation environment, 
the responses of different radar front ends 
and antenna geometries to the same 
environment can be generated. Raytracing 
offers the advantage that multipath 
propagation effects, as shown in figure 1, can 
be simulated. These have a large impact on 
the quality of synthetic radar data. 

With this framework, we simulate data for an 
MRA and a corresponding ULA with the same 
aperture but increased antenna count. The 
task for our neural network is then to 
estimate the responses of the missing 
channels in the MRA to any given scenario.

Evaluation
As shown in an example frame in figure 3, we 
achieve high accuracy for the prediction of 
both the absolute value as well as the phase 
of all three missing antennas when compared 
to ground truth. This is true for geometries 
with a single reflector as well as multiple 
reflectors and over the whole field of view of 
the radar system.

After the prediction we use beamforming 
algorithms to determine the angle of arrival of 
one or more objects in a scene with all three 
datasets (synthetic MRA, synthetic ULA, 
predicted ULA). We find that the synthetic ULA 
and predicted ULA match closely. Additionally 
we observed a decrease in ambiguity 
compared to the synthetic MRA data, as 
expected.Figure 1: Typical driving scene as simulated in the 

raytracing radar simulation environment
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Figure 2: Generation of synthetic cross-sensor-
adaptation training datasets

Figure 3: Polar chart of ground truth data (dotted) 
and predicted data (solid) of all channels of a radar 
system for an example scenario. Channels missing in 
the MRA are colored.
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