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Motion Estimation of Visual Target Using Event-Based Vision and

Spiking Neural Network
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We proposed a method for estimating the angular velocity of a rotating visual target robustly to changes in
illumination conditions using event-based vision and spiking neural networks (SNNs). By using the output of the event-
based vision directly as input to the SNN, the image processing function can be achieved by keeping the advantages of
the vision sensor in the previous stage. A board printed with natural images was placed at a certain distance from the
vision system as a viewing target. The vision system captured rotating objects at various angular velocities under
multiple lighting conditions to generate a data set. Using this data set, we verified whether the SNN can estimate the
visual target. We achieved about 80% accuracy on both the training and test datasets in both bright and dark lighting

environments.
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Fig. 1 Differences in output between general-purpose cameras and
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event-based cameras.
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Fig. 2 Structure of a spiking neural network for rotational motion
estimation.
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Fig. 3 Experimental environment.
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Fig. 4 Examples of data sets (frame representation). Slow (a) and
fast (b) rotation speeds under bright lighting conditions. Slow(c)
and fast (d) rotation speeds in dark lighting conditions.
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Table 1 Data sets acquired by event-based vision.

RN AR U ARV EESUS

F— R %ﬁﬁﬁ F—aFKE | FAHE o[radls]

1 2.07 1 2.04

2 3.45 2 3.39

3 4.96 3 461

4 6.39 4 5.95

5 7.83 5 7.41

6 9.44 6 9.15

7 10.93 7 10.59

8 12.49 8 12.35

9 14.05 9 13.61

10 16.25 10 15.66

11 17.22 11 16.84

— Train — Train

Test Test

102 102
10! VA 10t
0 5 10 15 20 25 30 0 5 10 15 20 25 30
Epoch Epoch
(a) (b)

Fig. 5 Learning curve. (a) bright lighting conditions.
(b) dark lighting condition

Table 2 Experimental results in a bright lighting environment.
%k Hiscf - R YR
FET—H 5.218 0.097 74.348
TANT—4H 4.091 0.059 85.398
Table 3 Experimental results in a dark lighting environment.
%k Hiscf -t R
FHT—5 5.092 0.083 78.339
TANT—4 5.401 0.065 82.576
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