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Fig. 1: Event detectability comparison for area-scan
and event-based sensors.

Fig. 2: Latency comparison for event-based and
area-scan sensor

The equation on the right gives ED for a linear
sensor with the variance σ2

d of the temporal dark
noise and a quantum efficiency η according to
the EMVA 1288 standard [4].

Results
Standard linear industrial area-scan sensors
can detect events at lower relative irradiance
changes but lack the high dynamic range of
event-based sensors (Fig. 1). Event-based sen-
sors have the additional advantage that the la-
tency at high irradiation levels can be signifi-
cantly lower than for area-scan sensors, where
the latency is constant and just the inverse of the
frame rate (Fig. 2).

The nonuniformity measurements of event-
based sensors show several interesting effects.
Firstly, the false event probability (FDNU), when
no irradiance change happens, is irradiance de-
pendent and can be quite high (Fig. 3). Sec-
ondly, the event detection nonuniformity (EDNU),
defined by the irradiance required for each pixel

Fig. 3: Histogram of the false event detection
probability under static irradiation for positive events
with the Prophesee generation 4.1 sensor.
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Summary: Event-based cameras excel in representing dynamic changes efficiently but can be overwhelmed in
scenarios with strong global motion, such as conveyor belt systems. We propose a motion compensation method
that filters events to focus on relative motion deviations. Our method significantly reduces the event-stream size
while maintaining or even improving tracking accuracy. Our approach incorporates prior knowledge of global motion
and demonstrates its efficacy in sensor-based sorting tasks.
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Introduction
Event-based cameras efficiently capture dy-
namic scene changes by generating data only
during motion or intensity changes, making them
ideal for applications like multitarget tracking.
However, in scenarios like sensor-based sorting
on a conveyor belt with uniform motion, the con-
stant motion generates a high volume of events,
potentially overwhelming the system. To address
this, we propose a method to filter event streams
with a strong global motion prior, retaining only
events corresponding to deviations from the ex-
pected motion.

Background, Motivation and Objective
Several works use contrast maximization tech-
niques for compensation of scene motion in
event-based vision [1]. Generally, these meth-
ods do not utilize a priori motion knowledge and
therefore use computationally costly methods for
estimating local scene motion from an event
stream. [2] utilize a spiking neural networks for
motion estimation and filtering, fully utilizing the
asynchronous nature of event-based cameras.
Although promising, spiking neural networks are
still in their infancy, limiting their feasibility for
widespread industrial application. [3] use on-
sensor circuitry to extract object motion, by com-
paring local change-rates. However, some of
their scene assumptions do not apply to our ap-
plication. Further, to the best of our knowledge,
the sensors are not commercially available. We
propose a method, that efficiently filters events
from commonly used event-based cameras by
incorporating strong priors on global scene mo-
tion. The method is designed to be easily incor-
porated into tracking methods. We demonstrate
our method on a multitarget tracking problem in
sensor-based sorting, where we achieve equal
tracking accuracy compared to a method using
the full event-stream, while reducing the number

of events by 70%, reducing computational cost.

Method
We assume, that for a pure planar motion, every
pixel of the event-based camera is expected to
trigger the same amount of events. A property of
the event-based sensor is, that on-events suffer
from lower temporal jitter, than off-events. We
therefore only consider on-events.

Consider L(x, t) the radiance of a planar
scene, we introduces f(x, t) the motion compen-
sated scene radiance.

L(x, t) = f(x+ vt, t) (1)
relative to a planar transformation velocity v with
[v] = px/s. A camera pointing towards a con-
veyor belt would capture radiance L, whereas a
hypothetical camera moving along with the con-
veyor belt captures f . For a small temporal win-
dow δt we can assume a static scene f(x). Us-
ing the event-generation equation from [1] we
derive

pC = L(x, t)− L(x, t0)

= f(x+ vt)− f(x+ v(t0)). (2)

With p the polarity of the triggered event, t0 =
t − δt the timestamp of the previously triggered
event and C the contrast threshold of the event
camera. Interpreting this, each event gives a
measurement of the spatial change of a point
in the scene, relative to the scene motion (e.g.
the edge of a particle laying on top of a con-
veyor belt). However, since events suffer tem-
poral jitter and only give binary information, we
consider a spatio-temporal window around x, t
for estimating the spatial gradient in ∇f relative
to the speed v.

∇f(x, t)v ∝
∑

(xi,yi,ti,pi)∈E

pi χx(xi)χy(yi)χt(ti)

(3)

DOI 10.5162/SMSI2025/B6.3



SMSI 2025 Conference – Sensor and Measurement Science International 116

With E the event-stream and χx(xi), χy(yi),
χt(xi) indicator functions for whether event i is
within the spatio-temporal window around x, t.

For every timestep ∆t, we update all estima-
tors for ∇fv. We choose ∆t to be 1px/|v| ≈
0.25ms. The temporal window for the estima-
tion of ∇fv is chosen as ∆T = 5 · ∆t, the spa-
tial window a grid of 5 pixels around x. After
updating the estimators, we compare ∇f(x, t)v
to ∇f(x, t0)v, with t0 the timestamp of the last
motion compensated event, we triggered. Our
event-trigger function g(t) is defined as

g(t) =




1 if ∇f(x, t)v −∇f(x, t0)v > C∇,
−1 if ∇f(x, t)v −∇f(x, t0)v < C∇,
0 otherwise.

(4)
Where C∇ is the threshold for triggering an
event. With 0 no event triggered, else g(t) the
polarity of the event. Figure 1 shows an example
output of the motion filter algorithm.

Fig. 1: Illustration of motion compensation. With
index increasing proportional to the object speed,
objects moving at the expected speed are projected
to the same point in the compensated image (right).
Using the relative position of the positive- and
negative events, cues about object motion may be
extracted, as indicated by the arrows.

Results
We apply the motion-filter to an existing event-
stream, using different thresholds, resulting in
different ratios of filtered events. In this work,
we used an existing tracking approach using
mean-shift tracking [4], with hyper parameters
optimized using the full event-stream. We then
applied different, motion-filtered event-streams
without re-adjusting the tracking parameters. As
shown in figure 2, we achieve a slight improve-
ment of tracking accuracy, when reducing the
number of events significantly, as only at very
high filter ratios, the tracking accuracy is re-
duced. We further show that the filtered event-
streams carry much more dense additional in-
formation, compared to the raw event-stream 1.

This information could be used to further improve
tracking accuracy.

Discussion and Future Work
Current method induces latency, since changes
in event-frequency are only detected over time.
Lower latency may be achieved by incorporating
event-detection probabilities [5] or using more
sophisticated changepoint detectors such as in
[6]. The current implementation not optimized
for realtime processing, but can be easily par-
allelized, since it applies operations globally.

Fig. 2: Average tracking error, as given by distance to
the ground-truth trajectory in pixels.
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