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Introduction
‣ Suppress noise artefacts in raw FMCW radar by learning 

sensor characteristics from data. 
‣ Account for aleatoric sensor noise by modelling 

heteroscedastic uncertainty - uncertainty that varies with 
scene context. This allows regions of space which are likely 
to be occluded to be identified. 

‣ Self-supervised using partial lidar labels allowing a robot to 
learn by simply traversing an environment. 

‣ Outperforms classical CFAR filtering approaches in detection 
performance.


‣ Can be used as an inverse sensor model for probabilistic 
occupancy grid mapping.

Results

Approach

3. Inference
Utilise fast and accurate analytic 
approximation to marginalise out the 
uncertainty associated with the predicted 
logic.

Detection Performance

Raw 1D CFAR 2D CFAR Ours

Our method 
identifies cars 
that appear 

only faintly in 
the raw radar 
are missed in 

CFAR. Additionally our 
model is able 

to successfully 
identify 

occlusion.

Outperforms classical CFAR filtering 
methods at detecting free and occupied 
space.

Heteroscedastic Uncertainty 
Prediction
The predicted uncertainty allows regions of 
space that are likely to be occluded to be 
identified.

Most Certain

Least Certain

1. Model Aleatoric Uncertainty

Mean Standard Deviation

Parameterise the mean and standard deviation of normally distributed logit      
with a neural network.

Occluded

Occupied

Free

No Loss

2.Training
Utilise partial labels generated from 3D lidar to learn about occupied and free space.
Force model to be uncertain where labels do not exist through prior.

Prior

Partial Lidar labels

Likelihood

Cyclist

Cars

Ghost 
Reflections

Saturation

Occluded

Free

Raw Radar Output

Model

By thresholding on 
predicted uncertainty we 

are able to update the 
map in regions of the 

scene which have been 
observed by the sensor.

Inverse Sensor Model
Used as an Inverse Sensor Model an 
occupancy grid map can be constructed using 
a Binary Bayes filter. 

Raw Radar
Predicted 

Logit

Free Occluded Occupied

CFAR (1D polar) 
CFAR (2D Cartesian) 
Static thresholding 
Deep ISM (ours) 

0.24 
0.20 
0.19 
0.35

0.92 
0.90 
0.77 
0.91

0.50 
0.55 
0.48 
0.63

Intersection over Union
Occupied Free MeanMethod
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Polar Transformer Unit
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2 x Polar conv + 
max pool

2 x Cartesian conv 
+ max pool
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