
IoU

Lu et al. [23] 8.8
Roddick & Cipolla [36] 24.7

Philion & Fidler [29] 32.1
Can et al. [5] 36.0

Ours (FRM-OCC) 16.4
Ours (ATT-WRP2) 34.0

Table 2. IoU scores (%) on thenuScenesdataset. We report the
scores from the original papers.

to implement and employ a light architecture easy to in-
spect. The related approaches adopt heavier neural net-
works which exploit additional information, like temporal
data [5], multiple cameras [29], and camera geometry [36].
On the other hand, these works do not focus speci�cally on
the vehicles: they also predict semantic maps of the road
and the drivable areas. Therefore, the results in Table 2
are, once again, an approximate comparison. Nonetheless,
while the baseline (FRM-OCC) obtains limited performance,
the model with cognitive plausibility (ATT-WRP2) is compet-
itive compared to most of the state-of-the-art methods.

5. Conclusions

We have investigated the bene�t of integrating cognitive
plausibility into autonomous driving tasks, speci�cally in
the case of occupancy grid mapping. Our method improves
the baseline approach to occupancy grid mapping by intro-
ducing two cognitively plausible changes. First, we have
simulated the cognitive mechanism of visual attention by
suppressing in the visual input the areas of the image that
do not contain vehicles. Second, we have mimicked human
cortical magni�cation by warping the occupancy grid in or-
der to magnify close vehicles and improve their accuracy.
The two improvements require minimum implementation
effort compared to other related state-ot-the-art approaches,
obtaining competitive results on thenuScenesdataset. Our
results indicate the value of taking human cognition as a
source of inspiration—an idea that could be explored in dif-
ferent tasks for intelligent vehicles.

There is a fundamental discrepancy between our ap-
proach and the cognitive mechanisms involved during driv-
ing: the lack of dynamic information. Natural vision is in-
herently dynamic. Humans do not perceive static indepen-
dent “frames”; on the contrary, they rely heavily on tem-
poral dynamics of the environment. The current work does
not leverage information about the movements of the ob-
jects. Hence, a promising future development could be a
way to integrate dynamic information in the model to better
support the cognitive inspiration.
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