Event-based optical flow leveraging precise event timing

Supplementary Material

1. Benchmarking and visualization

To benchmark the performance of event-based optical flow
models, ground truth data is required. This has been pro-
vided through specialized datasets developed within the
field. Generally, ground truth data provides optical flow
maps at regular time intervals (at a specific frequency) over
a period of recorded data. This ground truth represents op-
tical flow as pixel displacements across the visual field. The
data is typically sparse (similar to event-based optical flow)
due to the collection methodology, which relies on LiDAR,
Inertial Measurement Unit (IMU) data, and camera pose in-
formation. To evaluate model performance, the predicted
flow is compared against ground truth at every available
point where both measurements exist. This comparison em-
ploys several standard metrics derived from the commonly
used definitions provided in [3].

Average End-Point Error (AEE) measures the Eu-
clidean distance between predicted and ground truth flow
vectors, providing a direct measure of spatial accu-
racy. For each pixel location (x,y) at time ¢, the op-
tical flow predicted by the network is vP®d(z,y,t) =
[0 (2, ), v0(z,y,t)] T, and the ground-truth vector
is v&'(x,y,t) = [v8 (z,y,1), v} (z,,t)] T, where both rep-
resent pixel displacements between frames (in units of px).
The AEE is then computed as:
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where NNV is the number of valid pixels between the ground
truth flow and predicted flow, and the index ¢ iterates over all
valid spatial locations. Outlier percentage (%Out) is defined
as the fraction of flow predictions with an end-point error
greater than 3 pixels from the ground truth:
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where H () is the Heaviside step function. Mean Angular
Error (MAE) evaluates the directional accuracy of predicted
flow by measuring the angular difference between predicted
and ground truth vectors. The angular error for each pixel
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Figure 1. Color encoding for optical flow used in this work, based
on [3]. Hue determines the direction of flow and intensity deter-
mines the magnitude.
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where the angular error is measured in degrees.

For visualization, optical flow is commonly represented us-
ing a color-coding scheme (Figure 1), where pixel hue en-
codes the flow direction

0(x,y,t) = arctan 2(vy (z,y,t), va(z,y,t)),  (6)

and intensity encodes the magnitude
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Alternatively, as also employed in this work, flow vectors
can be plotted directly, typically downsampled by skipping
vectors to improve visual clarity and interpretability.

2. Additional datasets
2.1. Prophesee

For qualitative assessment, we utilized test datasets pro-
vided by Prophesee, including their “Learning to Detect



Figure 2. Optical flow readout from the network when applied to high-resolution Prophesee Gen 4.1 (1280 x 720px) events capturing
pedestrians walking in a street scene. The direction of motion is encoded as color. Optical flow events are accumulated into frames and
overlaid at fixed time intervals to visualize the evolution of the scene over time. Top: The network provides clear indication of pedestrian
motion, with movement in the distance resulting in lower optical flow magnitude (lighter colors). Bottom: The same event data (cut short
for visual clarity) processed with TDE time constants 5x larger (7rrg = Trac = 50 ms, Tmem = 100 ms), capable of capturing slower

motion and therefore more distant pedestrian activity but exhibiting greater residual spiking activity, resulting in a less crisp readout of flow
events.



Objects” driving dataset [15], which employs megapixel
event cameras with 1280x720px resolution. While these
sequences lack ground-truth optical flow labels, they pro-
vide diverse real-world scenarios including driving scenes
with multiple moving objects and camera egomotion, as
well as static camera recordings of pedestrian movements.
These high-resolution datasets not only enable visual as-
sessment of our method’s performance on complex mo-
tion patterns, but also demonstrate scalability to modern
megapixel event sensors such as the Prophesee HD, which
offer significantly reduced noise compared to the older,
lower-resolution cameras used in previous benchmarks.
This results in cleaner event streams with fewer spurious
events.

2.2. FPV drone racing

We also evaluate our method on a sample from the “UZH-
FPV Drone Racing Dataset” [8], which makes use of an
mDAVIS 346 (346x260px) event camera capturing First
Person View (FPV) drone racing scenarios. While we do
not utilize ground-truth optical flow from this dataset, it
provides valuable qualitative assessment of our method un-
der extreme motion conditions. The sequences capture
drones navigating racing courses at significantly higher ve-
locities and with more aggressive maneuvers than the in-
door flying sequences in MVSEC. This represents an im-
portant test case, as optical flow estimation is fundamental
to autonomous drone racing pipelines [11], where percep-
tion latency directly impacts performance. The dataset thus
demonstrates our method’s ability to handle high-speed, ag-
ile motion typical of competitive FPV drone racing.

2.3. Eye-tracking

We use the 3ET+ dataset from the “AIS 2024 Event-Based
Eye-Tracking Challenge” [17], recorded with a DVXplorer
Mini Dynamic Vision Sensor (DVS) (640x480px). The
dataset contains event streams from 13 subjects perform-
ing eye-movement tasks such as saccades, reading, smooth
pursuit, and blinking. Eye-tracking is an application where
low-level optical flow data proves useful [17] for eye-
tracking tasks and could be used to augment state-of-the-art
eye tracking methods using event cameras [6].

3. Qualitative analysis

Here we present additional qualitative data to demonstrate
how the approach scales to higher resolution event cameras
and specific applications, while providing intuition for how
model parameters affect performance and optical flow se-
lectivity.

Figure 2 shows data from a fixed event camera observ-
ing pedestrians walking, optical flow event frames are over-
laid to show the passage of time. We can observe both the
fidelity and performance of the model, and compare how

changing the time constants of the Time Difference Encoder
(TDE) units affects behavior. With larger time constants,
the model becomes more sensitive to slower motion, al-
lowing optical flow to be detected at greater distances from
the camera. In this scene, pedestrians farther away project
slower motion onto the image plane, making them more re-
solvable with increased time constants. The consequence is
temporal blurring for large optical flow, caused by increased
spiking activity, where residual responses linger and create
‘flow trails’ that represent past motion rather than the in-
stantaneous scene.

In Figure 3, the effect of varying the size of o in the
Gaussian convolution is visualized. This shows how the
system uses local flow information to output coherent nor-
mal flow. As o increases, the flow estimates become
more coarse-grained, eventually converging to global opti-
cal flow. Figure 4 shows the optical flow from a megapixel
camera on the driving sample over time with 0 = 50px,
sufficient to capture the flow of larger scene elements such
as a parked car or trees. Figure 5 shows a more complex
driving scene containing both self-motion of the camera and
independent motion of other objects. This scene demon-
strates a combination of rotations (car turning) and transla-
tions (forward driving).

Fast optical flow estimation can be useful for on-board
processing in fast-moving drones. Figure 6 shows an ex-
ample of the network using FPV drone racing event camera
data during agile maneuvers, resulting in rapidly changing
optical flow patterns. This example demonstrates the net-
work accurately capturing such dynamic optical flow.

Eye tracking using event cameras has attracted signif-
icant interest due to their potential for low-latency, low-
power embedded systems capable of tracking gaze direc-
tion, with direct applications in Augmented Reality (AR)
and Virtual Reality (VR) [2]. Various approaches to
this problem have emerged, accompanied by specialized
datasets for training neural networks. Since some methods
utilize optical flow as low-level information for iris track-
ing [6], we applied our optical flow network to eye motion
data to evaluate its performance on this task. We computed
optical flow at regular accumulation intervals of 10 ms, with
results shown in Figure 7, demonstrating the network’s ap-
plicability to more microscopic scenarios.

4. System description

This work presents simulations of an event-based system
that, while algorithmically faithful to the underlying prin-
ciples, represents an approximation of what a dedicated
hardware implementation would achieve. To fully real-
ize the anticipated benefits in terms of power consump-
tion and processing latency, a specialized system would
need to be implemented as an Application Specific In-
tegrated Circuit (ASIC) or programmed on a Field Pro-
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Figure 3. Increasing o of Gaussian kernels for  and y flow components shows how local flow is smoothed at different scales. The o value
determines the transition from normal flow to flow patterns of larger features. Flow events (arrows) are downsampled by a factor of 10 for
visualization and overlaid on top of the raw event-frames. The inset shows a zoomed-in section with flow events downsampled by a factor
of 5. This example uses the driving sample from a Prophesee event camera dataset.

grammable Gate Array (FPGA). Such a hardware realiza-
tion would share architectural similarities with many neu-
romorphic chips [1, 7, 10, 13, 16, 18] but should incor-
porate specialized synaptic gating mechanisms and support
the high event-throughput of modern event cameras. A key
advantage of the approach taken in this work is the dra-
matic reduction of stored network parameters to a negligi-
ble amount, which reduces the memory overhead that is re-
quired for storing synaptic weights in many networks with
a large number of layers. The simulation-deployment gap is
also reduced since there is no need to train the network to be
compatible with hardware constraints such as bit precision
and asynchronicity [4, 14].

The system architecture would require an event map-
per to efficiently route incoming events to dedicated TDE
processing cores. These cores would emulate the tempo-
ral decay dynamics using either digital logic or analog cir-
cuit implementations, with the choice depending on the
required scale, power and precision constraints given the

potentially large number of processing units needed for
high-resolution applications. Kernel operations can be im-
plemented through either dedicated memory arrays stor-
ing precomputed values (Look Up Table (LUT)) or real-
time on-the-fly computation for parameterizable kernels
such as the Gaussian case outlined in Algorithm 1. While
our simulations necessarily discretized time for computa-
tional tractability, the hardware implementation could op-
erate fully asynchronously or synchronously with low real-
time time-step, with kernel calculations also performed in
an event-driven manner [ 1, 16]. Additional traces can main-
tain real-time flow estimates (analogous to the accumula-
tion period). This representation can then be updated and
sampled by input events to provide a graded (non unitary)
readout of optical flow in an event packet containing flow
phase and magnitude information at a location in the vi-
sual field. Although kernel size represents a computational
bottleneck, this limitation can be addressed through kernel
dilation techniques, as demonstrated in Figure 8. This ap-
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Figure 4. Our optical flow estimation for a megapixel event camera capturing a driving sequence over time.

proach yields comparable results to full-resolution kernels
while reducing computational requirements, as evidenced
in the results shown in Figure 5 where the kernel was di-
lated and quantized to the one shown at the bottom right of
Figure 8. Existing neuromorphic chips have demonstrated
kernel sizes of 5x5[9], 16 x16 [16] and 64 x64 [7, 12] with
end-to-end latencies reported on the order of microseconds
for fully asynchronous and sensor on-chip [5, 16], suggest-
ing that similar end-to-end latencies can be achieved by tak-
ing our approach.
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Figure 5. Our optical flow estimation in a dynamic driving scenario. The event-flow frames begin at 8 s with the vehicle waiting to merge
into traffic. At 11s, a pedestrian crosses in front of the car, note how the swinging motion of their arm produces distinctly different flow
patterns from their body. The scene continues at 24 s as a vehicle ahead pulls away, creating space in traffic. At 28s, our vehicle executes a
maneuver, pulling into the road and turning into the lane, this moment captures both large-scale global motion from the vehicle’s movement
and localized relative motion from surrounding objects. By 32s, the vehicle settles into steady forward motion along the road, until 36 s
when a motorcycle overtakes, adding some relative motion to the scene. In this specific example, a Gaussian kernel with ¢ = 50px and
size 100 x 100px is dilated by a factor of 5, effectively reducing it to a 20 x 20 kernel. Additionally, the weights are quantized to 2 bits,
resulting in a kernel that requires only 100 bytes of storage. This kernel is shown in Figure 8.
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Figure 6. The network applied to FPV drone racing data [8] (indoor_forward_3). The human piloted drone navigates through gates inside
a warehouse environment. Color coding represents optical flow magnitude and direction, with downsampled arrows overlaid to visualize

flow vectors. This scenario exemplifies a use case where rapid optical flow estimation has high utility [11].
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Figure 7. Several examples of the network applied to eye tracking event camera data for different test subjects. Recorded with a DVXplorer
Mini DVS (640x480px).
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Figure 8. Visualization of kernel dilations and parameter quantization, aimed at reducing the number of synaptic weight parameters and
the associated memory usage.

Algorithm 1 Event-based Gaussian convolution

Require: TDE event (z,y, v) at coordinates with value, o (Gaussian kernel sigma), r (truncate factor), v is cardinal polarity
(e.g. left, right = —1, 1)
Ensure: Output events £

1: function CONVID((z,y,v), o, k, axis)
—-1/2

2: r«+ [ok], a + (270?)

3: ford=—r,...,rdo

4: (2',y") + (x + d,y) if horizontal [H], (x,y + d) if vertical [V]

5: w < aexp(—d?/20?) > calculated on-the-fly or stored in LUT
6: if (z', ') in bounds then

7: Output (2', 4y, vw)

8: end if

9: end for

10: end function

11: function PROCESSEVENT((z, y,v), 0, K)

12: &n < ConvID((z,y,v), 0, k, H) > Horizontal processing unit
13: £+ U(z’,y’,v’)eSh ConvID((2',y',v"), 0,k, V) > Vertical processing unit
14 return &£ > Output event stream

15: end function
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