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Dense Continuous-Time Optical Flow
From Event Cameras

Mathias Gehrig

Abstract—We present a method for estimating dense continuous-
time optical flow from event data. Traditional dense optical flow
methods compute the pixel displacement between two images. Due
to missing information, these approaches cannot recover the pixel
trajectories in the blind time between two images. In this work,
we show that it is possible to compute per-pixel, continuous-time
optical flow using events from an event camera. Events provide
temporally fine-grained information about movement in pixel space
due to their asynchronous nature and microsecond response time.
We leverage these benefits to predict pixel trajectories densely in
continuous time via parameterized Bézier curves. To achieve this,
we build a neural network with strong inductive biases for this task:
First, we build multiple sequential correlation volumes in time us-
ing event data. Second, we use Bézier curves to index these correla-
tion volumes at multiple timestamps along the trajectory. Third, we
use the retrieved correlation to update the Bézier curve representa-
tions iteratively. Our method can optionally include image pairs to
boost performance further. To the best of our knowledge, our model
is the first method that can regress dense pixel trajectories from
event data. To train and evaluate our model, we introduce a syn-
thetic dataset (MultiFlow) that features moving objects and ground
truth trajectories for every pixel. Our quantitative experiments not
only suggest that our method successfully predicts pixel trajectories
in continuous time but also that it is competitive in the traditional
two-view pixel displacement metric on MultiFlow and DSEC-Flow.
Open source code and datasets are released to the public.

Index Terms—Motion estimation, optical flow, pixel tracking,
event cameras.

I. INTRODUCTION

PTICAL flow estimation is a fundamental low-level vi-
O sion task that informs about motion in pixel space. It has
numerous practical applications in computational photography
and videography, video compression, inverse graphics, object
tracking, and robotics [1].
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Traditionally, this problem has been addressed by finding
dense correspondences between two frames. Frame-based sen-
sors provide information at a fixed frequency, independent of the
dynamics in the scene, and must strike a trade-off between band-
width and latency: At high speeds, they require a high frame-rate
to reduce perceptual latency, but this introduces a significant
bandwidth-overhead for downstream systems. Instead, reducing
the frame-rate reduces the bandwidth requirements but at the
cost of missing important scene dynamics. These shortcomings
have inspired recent work to address optical flow estimation
with event cameras [3], [4]. In contrast to frame-based sensors,
which capture frames at regular intervals, event cameras register
per-pixel brightness changes asynchronously and at very high
temporal resolution (< 1 millisecond). Additionally, they are
robust to motion blur and have a very high dynamic range [5].
Due to these properties, event cameras are ideally suited for
optical flow estimation. Nonetheless, these advantages are tied
to the fundamentally different data format resulting from event
cameras.

Effectively extracting motion information from event cameras
is a non-trivial task for which deep neural networks have shown
promising results. Until now, neural network approaches regress
optical flow at a specific timestamp [3], [4]. Event cameras
provide visual cues in continuous-time, which means that pre-
dicting discrete pixel displacements ignores much of the device’s
potential [4].

In this work, instead, we go a step further and propose a
differentiable model that can can exploit the rich spatio-temporal
nature of event data by regressing continuous-time trajectories
for every pixel of the camera. Fig. 1 illustrates an example
prediction of our method using only events in a short time
window. This approach not only enables new applications that
can make use of continuous-time pixel trajectories [6], [7] but
also generally improves the accuracy of the model, as we will
show in our experiments in Section V.

Extracting per-pixel continuous-time trajectories from event
data is a challenging problem that requires careful modelling
of the problem. To achieve this, we propose the following
methodological innovations:

® Instead of predicting pixel displacements, we generalize

this concept and estimate control points of Bézier curves
for each pixel. As a result, our method can regress the
trajectory of each pixel at arbitrary times. It also enables
the second innovation:

® We use multiple correlation volumes in time to search for

pixel correspondences. We then use the estimated Bézier
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(b) Second Frame

(a) First Frame

Fig. 1.

(c) Events
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(d) Prediction

(e) Frame-based baseline

(d) Our method, trained only on simulated events, predicts dense pixel trajectories in continuous-time on real sequences. The frames in (a) and (b) are

shown only for illustrative purposes. In (c), we also visualize selected pixel trajectories in the space-time volume of events. (e) The frame-based baseline [2]
attempts to predict linear motion from the frames but falls short due to perceptual ambiguity and non-linear motion in pixel space.

curves to retrieve correlation features of all correlation
volumes simultaneously. This enables the incorporation of
motion prior and facilitates the task of finding accurate
pixel trajectories.

e The use of image data is optional. We show that our
approach works well purely with event data and enable
dense, pixel-wise trajectories. Furthermore, we show that
a combination of image and event data outperforms single-
modality approaches on both real and synthetic datasets.

To train and evaluate our model we also contribute a new syn-
thetic dataset MultiFlow which is inspired by the FlyingChairs
dataset [8]. Differently from the FlyingChairs dataset, Multi-
Flow features event data from various moving objects under-
going continuous similarity transformations as well as dense
pixel-trajectory ground truth.

The proposed approach generalizes both the RAFT [9] and E-
RAFT [4] architecture by not only giving the option to compute
multiple correlation volumes in time but also to predict Bézier
curves that include the linear motion model as a special case. The
introduction of Bézier curves gives the model the capabilities to
estimate non-linear pixel-trajectories but also reduces the end-
point-error that is used to assess the accuracy of predicted pixel
displacements.

Our experiments suggest that simply giving the model the
flexibility to predict Bézier curves reduces the end-point-error on
MultiFlow by approximately 67%. Additionally, the introduc-
tion of multiple correlation lookups in time further reduces the
error metric computed on the whole trajectory by approximately
40%. Finally, we provide quantitative real-world experiments for
the traditional optical flow task on DSEC-Flow [4], reducing the
end-point-error by 14.5% compared to prior art.

II. RELATED WORK
A. Optical Flow

For conciseness, we focus mostly on neural-network-based
methods.

1) Image-Based: The vast majority of neural network-based
optical flow method considers the task of estimating dense pixel
displacements from a pair of frames [9], [10], [11], [12], [13],
[14], [15], [16], [17], [18], [19], [20], [21]. A common compo-
nent of many highly successful methods are explicit correlation
volumes that guide the matching process. This inductive bias

enables high performance and data efficiency [9] as well as
strong cross-dataset generalization [17].

Multi-Frame optical flow estimation has been mostly ex-
plored in the self-supervised learning setting [22], [23], [24]
or optimization-based literature [25], [26], [27]. Some neural-
network-based approaches use an additional pair of frames to
initialize the optical flow prediction [9] or use warped flow as
input [28] to a second stage. Recent work proposes to track single
pixels from video [29]. By estimating the trajectory only for a
single pixel, this method does not utilize spatial information but
still achieves remarkable performance. From these multi-frame
approaches, Slow Flow [25] is conceptually most related. Slow
Flow estimates optical flow F_, - given a sequence of /N images
at high frame rate (1000 fps) with dense tracking using an
optimization-based approach. However, it requires a high-speed
camera and complex occlusion handling that incurs a trade-off
between drift and accurate prediction at motion boundaries.

2) Event-Based: Event-based optical flow algorithms can
be categorized into four categories: (i) Asynchronous meth-
ods [30], [31] using the Lucas-Kanade algorithm [32]. (ii) Plane
fitting-based methods that exploit the local plane-like shape
of spatio-temporal event streams [33], [34]. (iii) Variational
optimization-based approaches [35], [36] that incorporate image
data [36] or simultaneously estimate image intensity [35]. (iv)
Learning-based approaches, most of which are trained via self-
supervision [3], [37], [38], [39], [40]. Supervision is provided
either by images [3], [37], [38] or events [39], [40]. Our approach
isrelated to E-RAFT [4], which adapts the RAFT [9] framework
to event data to leverage correlation features from cost volumes
to estimate dense pixel correspondences for large displacements.
In contrast to E-RAFT or RAFT, we predict pixel trajectories
using multiple correlation lookups in time while we also show
the advantages of combining events and frames.

B. Continuous Tracking

Continuous-time trajectory estimation of camera poses has
been proposed in the context of rolling shutter compensation [41]
as well as visual-intertial odometry for event cameras [42].
Instead, we are interested in regressing pixel-trajectories, which
is more closely related to high-speed feature tracking for event
cameras [31], [43], [44], [45]. Our approach is related to the
work of Seok et al. [43] who use quadratic Bézier curves to
sparsely track features by maximizing the variance of the image
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Fig. 2.

Overview of the framework. For concise presentation, we illustrate the purely event-based approach. We create multiple correlation voxel grids in a

sequence to compute correlation volumes. Bézier curves B, parameterized by a set of control points P, represent the continuous-time pixel trajectories. Along
these trajectories, we index .J correlation volumes at their associated timestamps 7R. An learned update operator uses the output of this lookup operation to update

the Bézier curves. Finally, this loop is repeated in an iterative fashion.

of warped events on local patches. In contrast to our work, this
method can only sparsely track features where events are present,
cannot incorporate learned priors from data, and does not offer
the possibility to include images.

C. Datasets for Optical Flow

Existing datasets can be categorized as image-based optical
flow datasets and event-based optical flow datasets.

1) Image-Based: The seminal work of FlowNet [21] pro-
posed a large synthetic dataset called “FlyingChairs” to train
their CNN. FlyingThings3D [46] introduced a synthetic stereo-
video dataset with scene flow ground truth. AutoFlow [47] pro-
poses torender large-scale training data with rich data augmenta-
tion in 2D for optical flow estimation. These datasets, however,
do not provide event data and ground truth pixel trajectories
beyond two views.

2) Event-Based: MVSEC [3] contains 5 outdoor driving se-
quences and 4 indoor sequences. However, optical flow ground
truth from MVSEC suffers from inaccuracies in calibration [4]
and only features very small displacements. DSEC-Flow, a
more recent dataset, addresses these shortcomings by providing
accurate but sparse optical flow ground truth. The main downside
of MVSEC and DSEC-Flow is that they both do not include
optical flow ground truth for dynamic objects.

In contrast to the aforementioned datasets, our synthetic
dataset MultiFlow features accurate and dense ground truth
for pixel trajectories as well as image and event data. The
concept of pixel trajectories is a generalization of pixel displace-
ment and can be used to supervise and evaluate pixel tracking
methods.

III. METHODOLOGY

This paragraph outlines our methodology, setting the stage for
the following detailed explanations. To assist in visualizing the
process, Fig. 2 serves as a helpful guide. Our approach begins
by transforming events into a spatio-temporal event represen-
tation, crucial for subsequent feature extraction, as elaborated
in Section III-B. Following this, our model extracts two key
types of features: context and correlation features from the event
representations. The intricacies of this process are elaborated in

Section III-C. At the heart of our approach lies the computation
of correlation volumes. These volumes are critical in assessing
the quality of feature matches over time, thereby aiding in
the tracking of pixel movements. This aspect is thoroughly
explained in Section III-D. Further, we describe our iterative
approach to refine pixel motion, which is parameterized by
Bézier curves initialized as straight lines. These curves are
crucial for indexing the correlation volumes and thus, for guiding
the trajectory estimation process. The nuances of this step are
covered in Section III-E.

Our implementation reuses many components of the original
RAFT architecture [9]. While Fig. 2 offers a conceptual sum-
mary of our approach, the specific neural network architecture
that integrates these elements is depicted in Fig. 2 of the supple-
mentary material.

A. Problem Definition

Our method is tasked with estimating a function

B:7 x Ny x Ny — R2 (1)
(1,2,y) = B(7,2,y) (2)

that describes the per-pixel trajectories in time on the image
plane. 7 =R N[0, 1] describes the domain of the normalized
time 7(¢t) = (t=t)/(t—t,) , where 7 = 0 corresponds to the ref-
erence time ¢, from which the pixel trajectory starts and 7 = 1
corresponds to the target time ¢ when the pixel trajectory ends.
This formulation can be used to find the pixel displacement at
any time between ¢, and t;.

As will be explained in more detail later, the proposed ap-
proach also uses additional events from time ¢y until the ref-
erence time 7, to extract feature maps at different timestamps.
However, the pixel trajectory is estimated only from the refer-
ence time ¢, to the target time ;.

B. Input Data Preparation

The proposed approach uses features extracted from event
data and optionally a pair of images to further boost perfor-
mance.
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Fig. 3.  Voxel Grid Generation. Events are interpolated into a voxel grid
representation before being divided into sub-voxel grids that are either used
as input to the context encoder or the correlation encoder. The Bézier curves,
indicated in the figure, are estimated from the reference time ¢,- to the target time
t for each pixel. The initial voxel grid channels before the reference time ¢,
are used for extracting correlation voxel grids as visualized in the lowest, green
row of the figure.

1) Multi-View Event Representations: Event cameras have
a fundamentally different working principle than frame-based
cameras. Instead of acquiring frames, event cameras receive
asynchronous events with high temporal resolution. An event
er(t) = (g, Yk, t,px) is a tuple containing information about
a pixel (xg,yx) for which a positive or negative brightness
change pj, was registered at time ¢. Note that the time ¢ typically
has microsecond resolution, which provides precise temporal
information about motion in the scene.

The first step of the feature extraction pipeline is the con-
struction of a discrete spatio-temporal representation from a
sequence of events. For our experiments, we choose the voxel
grid representation by Zhu et al. [37] due to its simplicity and
possibility to extract features in a sliding window. Fig. 3 provides
an overiew of this process.

Given the task of estimating continuous pixel trajectories from
t., the reference time, to the target time ¢;, Our method first
computes a base voxel grid, visualized in red in Fig. 3, consist-
ing of M + N — 1 discrete bins along the time dimension via
interpolation of event data [37]. The first M bins are computed
from events between initial time ¢y and the reference time ¢,.
These events are used to extract the correlation features later
in the pipeline. The last [V bins are computed from events during
the time window [t,, ;] when the pixel trajectories are estimated.
These N bins are required to extract the context features. The bin
at the reference timestamp ¢, will be reused by both correlation
and context features such that the base voxel grid consists of
M 4+ N — 1 bins.

From this base voxel grid, we first extract the context voxel
grid VT, visualized in yellow in Fig. 3. The next step is the
extraction of J < N correlation voxel grids VjCR, visualized in
green in Fig. 3, in a sliding-window fashion from the base voxel
grid. While itis possible to extractup to J = N correlation voxel
grids, we find in our ablation study in Section V-D4 that the
choice of .J can be used to trade off performance and compute.
Each of these correlation voxel grids contain information about
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the contrast differences in the scene at slightly different times.
They will later be used to guide the search for pixel trajectories
via lookup operations. We refer to the correlation voxel grids
also as views because they each represent a distinct timestamp.
If we choose to extract at least two correlation voxel grids apart
from the reference timestamp ¢, (i.e. J > 3), we categorize the
method as multi-view.

2) Optional Frame-Based Input: As we show in the ex-
perimental results, the performance of the proposed method
improves if image data is used in addition to events only. To
do so, we acquire a reference frame I; at ¢, and a target frame
I, at t;. These frames contain richer information about texture at
the boundary timestamps of the regressed pixel trajectories and
thus simplify the correspondence search.

C. Feature Extraction

Features are extracted from input images and voxel grids with
a convolutional network. The basic architecture of the encoders
follows prior work [4], [9]. The encoders extract D = 256
dimensional features from their input at 1 /8th of the original res-
olution using residual blocks with striding for downsampling the
feature maps. From now on, we use H' = H/8 and W' = W/8
to refer to the downsampled resolution.

The context feature encoder fop: RINF3)XHXW
RP*H' W' concatenates the voxel grid VT with the frame
I, if available, to extract combined features. The reference
frame I; informs the network about the absolute intensity of
the reference pixels while the context voxel grid VT provides
rich information about motion during the time duration of the
pixel trajectories. Note that the context network only extracts
features from I, and not I; because we require the context
features to be aligned with the reference timestamp. Finally,
contrast information is not explicitly considered yet, which will
be provided by the correlation feature encoders.

The correlation feature encoder fY, : RM>*HXW
RP*H' W' for event representations computes features
from the N correlation voxel grids in parallel, by sharing
the weights. The result of this operation are N feature maps,
each assigned to the timestamp associated with the last bin of
each correlation voxel grid. If in addition, a pair of frames is

available, we extract image features with an additional encoder
I . 3xHxW DxH'xW'
fer 'R — R .

D. Multi-View Correlation Volumes

We compute correlation volumes to guide correspondence
search in space and time by associating subsequent views with
the reference view. This association is visualized in Figs. 4
and 2. We use the features created from voxel grid VC'F and
optionally I, to create the feature maps for the reference view.
For each subsequent view j, we compute features from voxel
grid VjCR to compute the correlation volume as in (5) and (3).
For the final/target view, we optionally compute a correlation
volume from the boundary image features as in (5) and (4). We
perform the computation of all correlation volumes in parallel
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Fig. 4. Correlation-volume pairs with indicated lookup direction. The upper
row shows lookups from voxel grid features and the lower row shows lookups
from image features.

with batched matrix multiplication.
C (fé/]; (‘/OCR) 7f(§/}'{ (V]CR)) c RH’xW’xH’xWr, (3)
C (fCIR (Ir) 7fCIR (It)) c RH/XW/xH’XW/, )

where

1
Cijki(a,b) = NG Z adij - bakt %)
d

E. Iterative Multi-View Flow Updates

This section describes the update scheme that uses correlation
volumes introduced in the previous Section III-D.

1) Continuous-Time Flow: We seek a representation of the
function B(r, z,y), as introduced in (1), that generalizes the
conventional displacement prediction of two-frame optical flow
methods. To achieve this, we choose to use Bézier curves defined
as

" [n
B(r,z,y) = Z ; (I=7)""7'P;(x,y). (6)
i=0

B(1,x,y) describes the displacement of pixel (z,y) for the
normalized time 7 € [0, 1]. As an example, the Bézier curves
of degree n = 1 simply represent a linear trajectories in space
and time that is fully described by P;. The task of our method,
however, is to regress the parameter set

P:{Pla"'7Pn} (7)

Py = 0 does not have to be estimated because it defines the
starting point of the trajectory that coincides with the reference
pixels. The advantages of working with Bézier curves is that
they are fast to evaluate and can be concisely summarized by a
set of parameters P.

The degree n of the Bézier curves is a fixed parameter. Our
ablation study in Section V-D2 suggests to set n equal to the
number of supervision points along the trajectory for an accurate
trajectory prediction.

Iterative Bézier Updates: The Bézier curves are initialized
with P = {0, ..., 0} such that B = 0. The update block of the
network estimates increments AP that are added to the current
estimate of the Bézier curve parameters. More specifically, in
each iteration from k to k + 1 the network updates the parameter
set P the following way:

PI =P+ AP Vic {1,...,n}

IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, VOL. 46, NO. 7, JULY 2024

Fig. 5. Illustrative example of a Bézier prediction and N = 4 ground truth
flow maps from which the loss function (10) is computed.

2) Multi-View Correlation Lookup: Similar to the original
RAFT implementation, we use lookup operations to extract
features from the correlation volumes. In contrast, however,
we extract features from multiple correlation volumes, each
associated to a unique normalized timestamp. Given the current
estimate of the Bézier control points P, we map each pixel
x = (x,y) at time 7 = 0 to the estimated corresponding pixel
location x'(7) = (2/(7), ¥/ (7)) at time 7:

X(1) =x+B(r,x) ®)

Similar to RAFT, the lookup is performed in a local neighbor-
hood N around the corresponding pixel location x'(7):

N (1) = {X(r) + dx|dx € Z°,||dx||~ < T}  (9)

Lookups are performed on all available correlation volumes with
bilinear sampling. We use a constant lookup radius of » = 4, as
in the original RAFT implementation, to increase the effective
lookup radius. Finally, the values from the union of lookup
operations are concatenated into a single feature map.

3) Upsampling of Bézier Curves: The Bézier control points
are estimated at 1/s-th of the original resolution. Since B(-)
is linear in the control points P, we can upsample the Bézier
curves to the full resolution using convex upsampling [9]. As a
result, the Bézier curves at the full resolution will be a learned
convex combination of 3 x 3 grids of Bézier curves at the lower
resolution.

E Supervision

We supervise the model with /Ny, ground truth flow maps along
the trajectory, visualized in Fig. 5.

1 N; Ny,
L= 27 Y () - Biwll (10)
=1 k=1

where B, is the Bézier curve at iteration 4, 75, € [0, 1] are the
evaluation timestamps of the Bézier curves, and v = 0.8. For a
single displacement map, such as in two-frame optical flow, the
corresponding parameters are N = 1 and 7 = 1.

IV. MULTIFLOW DATASET

To the best of our knowledge, there are no publicly available
datasets with dense ground truth for pixel trajectories, which
is more general than pixel displacements, in combination with
events and images. Therefore, we create a new synthetic dataset
to evaluate the proposed approach.
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A. Data Generation Procedure

We generate 10100 training and 2000 test sequences in sim-
ulation for MultiFlow. The background images are sampled
from the Flickr30 K dataset [48]. The foreground objects are
extracted from randomly sampled PNG images, by masking out
transparent regions using their alpha channels. The duration of
each sequence is defined to be one second. We randomly sample
3 or 4 control points over similarity transformations in 2D
for each foreground and background object. Interpolation with
piece-wise cubic spline polynomials provide the continuous-
time transformation of all objects throughout the duration of
each sequence. The generated similarity transformation trajec-
tories are used to both render images and compute ground truth
pixel trajectories. To generate events, we apply the generative
model of events [49] on frames rendered at 1000 frames per
second on the full sequence. Pixel Trajectory Ground Truth:
The ground truth for the pixel trajectories is computed with
respect to a reference time at 0.4 seconds. The pixel trajectory is
expressed as pixel displacements at different target timestamps
with respect to the original pixel location at the reference time.
Overall, the dataset consists of pixel trajectory ground truth at
intervals of 10 milliseconds from 0.4 seconds (¢;) up to time 0.9
seconds (). Events outside the time interval where ground truth
is available (0.4 < ¢ < 0.9) can be used as additional context.
We refer to the supplementary material for dataset examples and
a more detailed description.

V. EXPERIMENTS

This section has four distinct purposes. First, to show
quantitative real-world performance on DSEC-Flow on tradi-
tional two-view metrics. Second, to show quantitative perfor-
mance on the main task on MultiFlow: predicting continuous-
time pixel trajectories. Third, to show qualitative performance
for sim2real transfer using models trained on our MultiFlow
dataset. Finally, an ablation study highlights the importance of
the proposed components.

Implementation Details: Our models are implemented in Py-
torch and trained from scratch with random weights on each
dataset. We use AdamW [50] with gradient clipping in the range
of [—1,1] and a OneCycle learning rate with a batch size of 3.
On both datasets, we perform random horizontal and vertical
flipping as well as random cropping of the input data.

A. DSEC-Flow

DSEC-Flow [4], [51]is adriving dataset with stereo event and
global shutter cameras. The purpose of this experiment is to show
the quantitative performance of our approach on real-world data.
However, we can only test on traditional two-view optical flow
metrics because no pixel trajectory ground truth is available on
DSEC-Flow. In other words, for displacement prediction, the
quality of the intermediate continuous trajectory is irrelevant.
Instead, only the final displacement prediction is evaluated using
end-point-error (EPE) and angular error (AE) metrics [52]. We
also report the X -point error, a metric that reports the percentage
of pixels with EPE higher than X pixels.
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TABLE I
RESULTS ON DSEC-FLoOW

Input EPE AE 1PE  2PE 3PE
EV-FlowNet [3] E 232 - 554 298 186
E-RAFT [4] E 079 285 1274 474 2.68
RAFT [9] I 078 244 1240 460 261
RAFT + GMA [2] 1 094 266 1298 508 296
Ours E 075 268 1190 4.41 244
Ours E+I 069 242 970 342 1.88

Our method outperforms prior work even when only using events. Adding image
data further improves performance.

For our experiments that combine image and event data, we
warp images to the event camera. Due to the small baseline
between both cameras, we can warp the image to a plane at
an infinite depth and re-project it into the event camera coor-
dinate frame. The disparity is negligible. The performance of
EV-FlowNet [3] and E-RAFT is taken from Gehrig et al. [4].
We additionally train the frame-based RAFT model [9] and
GMA [2], an addition over RAFT, to also compare against purely
frame-based approaches.

Implementation Details: Our model is supervised with the
2-view version of our loss proposed in (10). This loss function
is used because DSEC-Flow only provides ground truth for
pixel displacements. We use M = N = 5 bins for both the
context and correlation voxel grid (see Section [II-B1)and J = 5
views to compute the correlation volumes. We also experimented
with a higher number of bins but did not observe significant
improvements. Finally, we choose a degree of 2 for the Bézier
curves mostly to account for non-linear motion due to change in
depth. We train our models for 250 k iterations on a single Titan
RTX which takes up to 40 hours.

1) Quantitative Evaluation: Table I summarizes our results
on the DSEC-Flow test set. Our approach, using both event
data and frames, achieves 0.69 EPE which is 11.5% lower than
RAFT [9] and 8 % lower than our own method using only event
data. Furthermore, our purely event-based approach achieves an
EPE of 0.75 whichis 5% lower than the EPE of 0.79 that E-RAFT
achieves. Overall the performance of E-RAFT [4] is comparable
to RAFT while EV-FlowNet [3] is not competitive. In our
experiments, the GMA version of RAFT does not outperform
the RAFT baseline on this dataset. These results indicate that the
proposed method, even though designed to work for regressing
pixel trajectories, is competitive with two-view approaches on
the task of pixel displacement prediction. Note that we have not
used any additional ground truth information compared to the
baselines.

B. MultiFlow

The experiments on MultiFlow assess the pixel trajectory re-
gression capabilities. To achieve this, we introduce an extension
of EPE and AE to trajectories.

Ni

1
TEPE = > EPE (fprealts) for (te),  (11)
k

where N > 2. We analogously define TAE.
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TABLE II
RESULTS ON MULTIFLOW

Trajectory Metrics ~ 2-View Metrics

Input TEPE TAE EPE AE
RAFT [9] I (6.89) (19.31) 742 671
RAFT +GMA [2] 1 (5.14)  (16.35) 147 156
E-RAFT [4] E (6.70)  (18.44) 756  6.19
E-RAFT + Bézier E 262 592 454 6.06
Ours E 185 461 337 480
Ours E+1 129 335 227 319

Tepe and tae are the trajectory versions of epe and ae. Metrics in brackets are comput-
ed using a linear motion model, highlighting that these methods are not originally
designed for accurate trajectory prediction. E-RAFT + bézier represents our baseline
model consisting of E-RAFT that estimates bézier curves instead of pixel displace-
ments.

We train three previously published baselines for an extensive
comparison. First, RAFT [9] and RAFT+GMA [2] for a compar-
ison against frame-based approaches. Second, E-RAFT [4] for a
comparison against a recent event-based approach. We focus on
these architectures because they are related to our approach and
achieve competitive performance on public benchmarks [51],
[53]. Implementation Details: We train our method on the loss
defined by (10) while the two-view approaches are trained on
the two-view version of the loss [9]." We supervise our methods
with 10 flow maps along the trajectory using loss (10) and set
the Bézier curve degree to 10 according to Section III-E1. The
ablation study in Section V-D2 clarifies the relationship between
the loss function (10) and the degree of the Bézier curve.

For the following experiments, we build J = 6 correlation
voxel grids representing the views at regular time intervals
starting from 0.4 seconds up to 0.9 seconds (i.e. the duration
where we have to predict the pixel trajectories in the dataset). We
discretize the time into regular bins resulting in N = 41 bins for
the context voxel grid and M = 25 bins for the correlation voxel
grids. Later in section V-D5, we show that a coarse discretization
with fewer bins leads to suboptimal performance. We observed
that the reason for this is the overwriting of polarities in the
voxel grid which we prevent by choosing a more fine-grained
temporal discretization. We train our models for 200 k iterations
on a single Titan RTX which takes up to 80 hours.

1) Quantitative Evaluation: In addition to E-RAFT and
RAFT variants using frames, we also compare against a baseline
that consists of the E-RAFT approach that estimates Bézier
curves instead of pixel displacements, as in the original work.
This approach, named E-RAFT + Bézier, is better suited for
non-linear flow estimation than prior work. Table I summarizes
the quantitative results. Trajectory metrics in brackets indicate
approaches that predict pixel displacements (RAFT, RAFT +
GMA, and E-RAFT), for which we employ linear interpola-
tion to compute the trajectory metrics. As expected, the results
suggest that these approaches are unsuitable for accurate pixel
trajectory estimation. The E-RAFT + Bézier baseline clearly im-
proves not only the trajectory metrics but also the 2-view metrics
compared to these baselines. Our proposed model substantially

!t is also possible to use (10) to supervise two-view methods, but it results
in an unfavorable trade-off between trajectory end-point-error error (TEPE) and
end-point-error (EPE).
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reduces the TEPE further from 2.62 to 1.85 by using correlation
features to guide the trajectory estimation. Finally, our approach
benefits from combining events and frames: TEPE is reduced
from 1.85 to 1.29 by 30% while the EPE also decreases by 32%.

When purely comparing 2-view metrics, RAFT + GMA [2]
achieves the lowest error by extending RAFT with a self-
attention mechanism on the context features to aggregate motion
features. However, RAFT+GMA is not designed for trajectory
prediction and, therefore, falls shortin TEPE and TAE compared
to our approach.

2) Qualitative Analysis: Fig. 6 illustrates the predictions
of our model, using events and frames, in comparison to
RAFT+GMA [2]. Our approaches successfully predict the
continuous trajectory, even if the objects leave the field of view.
This is not the case for the two-view method RAFT+GMA, as
seen in the first row of Fig. 6. Evidently, it fails at predicting
the motion of objects that are missing in the second view
because it is impossible to establish a match. The second row
shows that our method can accurately predict pixel trajectories
while RAFT+GMA does well in predicting the final pixel
displacement.

C. Qualitative Sim2Real Results

To qualitatively assess the real-world capabilities of our
method, we use our purely event-based model, trained only
on the simulation dataset MultiFlow, and show predictions on
the HS-ERGB and BS-ERGB datasets [6], [7] in Figs. 1 and
7. Although our method is only trained on MultiFlow, it can
correctly predict non-linear motion of moving objects while
the frame-based baseline [2] fails due to large motion and
ambiguities in the input frames.

D. Ablation Study

This section examines the influence of the main contributions
of our model as well as additional design choices that contribute
to the performance of the method. We perform the ablation
studies on the MultiFlow because we require accurate pixel
trajectory ground truth that is not available on DSEC or other
event-based datasets.

1) Main Components: One of the main contributions of this
paper are the iterative Bézier curve regression and the cor-
relation lookup applied at multiple timesteps/views along the
trajectories. We ablate both components using the full model
described in Section III as reference and summarize the results
in Table III. First, we remove the Bézier curve regression and
note a drastic drop in performance on all metrics. Removing the
Bézier curves is equivalent to assuming linear motion. Linear
motion is not representative for this dataset and impairs the
utility of the correlation lookup. For example, if the model
is constrained to predict a linear trajectory during non-linear
motion, the correlation lookup will not be accurately placed
along the trajectory. This leads to correlation features that are
not informative.

Second, we remove the correlation lookups between the refer-
ence view and intermediate views, denoted as the w/o multi-view
baseline in Table III, and note that both TEPE and EPE increase
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(d) RAFT+GMA [2]

Predictions of our method (c) and the strongest baseline, RAFT+GMA [2] (d), on the MultiFlow dataset. Predictions are shown in blue and the ground

truth trajectory is visualized in red. The background is a colorization of the ground truth flow to highlight moving objects. Events are not shown for conciseness

but are also used by our method. Best viewed in PDF form.

(b) Second Frame

(a) First Frame

Fig. 7.
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(d) E-RAFT [4] (e) Ours

Predictions of our method using only event data (e), E-RAFT [4] using events (d), and RAFT+GMA [2] using frames (c), on the HS-ERGB [6] dataset.

Predictions are shown in blue. The background is a colorization flow to highlight moving objects. Events are not shown for conciseness.

between 18% and 42% with respect to the event-based and
hybrid reference model. We conclude that both components are
essential for achieving the best results.

2) Degree of the Bézier Curves: The goal of this experiment
is to answer the question: Which Bézier curve degree is appro-
priate for our model?

To answer this question, we train 5 different models with
Bézier curve degrees 1, 5, 10, 15, and 20 using frames and events

as input to the model. The supervision on pixel trajectories at
training time is at 20 Hz, that we supervise the model on the
pixel trajectory every 50 milliseconds.

Intuitively, one could surmise that a higher Bézier degree
always improves the performance. Fig. 8 indeed shows that a
higher Bézier degree improves performance, when the models
are evaluated at 20 Hz. The models were also trained with a
supervision signal at 20 Hz, that is with supervision at regular
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TABLE III
ABLATION EXPERIMENTS ON MULTIFLOW

Trajectory Metrics ~ 2-View Metrics

Input TEPE TAE EPE AE
w/o Bézier E+I 6.36 18.37 6.66 5.18
w/o multi-view  E+I 1.81 4.25 268 351
Reference E+I 1.29 3.35 227 3.9
w /o Bézier E 7.31 20.07 9.10 8.85
w/o multi-view E 2.62 5.92 454  6.06
Reference E 1.85 4.61 3.37 4.80
Final model settings are underlined.
1.6 7
>6  —— 20Hz >18 —— 20 Hz

—== 100 Hz

—== 100 Hz

14

TEPE

1.3

1.2
1 5 10 15 20 1 5 10 15 20
Bézier Degree Bézier Degree

(a) TEPE vs Bézier degree (b) TAE vs Bézier degree

Fig. 8. Trajectory metrics vs Bézier curve degree. (a) shows the trajectory
EPE and (b) the trajectory AE as a function of the Bézier degree. We evaluate
both at 20 Hz (every 50 milliseconds) and at 100 Hz (every 10 ms). In both
cases we can observe overfitting of the predicted trajectories when we evaluate
at 100 Hz. This can be explained with the fact that the loss function was only
applied every 50 milliseconds during training.

time intervals of 50 milliseconds. Interestingly, an evaluation of
these models at a higher frequency of 100 Hz reveals a decrease
in performance for the model with a Bézier degree higher than
10. The reason for that is that we observe a test-time overfitting
of the predicted trajectory to the frequency with which the model
was supervised. We do not observe this overfitting issue at 20 Hz
evaluation frequency because the model is able to accurately
predict the trajectory at this frequency. This observation is
reminiscent of the overfitting phenomenon in the much simpler
polynomial regression problem in statistics. The answer to the
original question is: For accurate pixel trajectory predictions,
the Bézier degree should be chosen equal to the number of
regular supervision points along the pixel trajectories. The
degree can be set higher than the number of supervision points to
potentially improve performance on the timestamps of interest.
However, the pixel trajectories may not be as accurate anymore.
An example for this is our DSEC-Flow experiments where we
have only 1 supervision point (2-view) but found that a Bézier
degree of 2 improves the performance on the 2-view metric. This
is a reasonable approach as long as the downstream application
does not require accurate pixel trajectories.

3) Loss Function: This experiment examines the influence
of the trajectory loss on trajectory and 2-view metrics. We train
two additional models with the 2-view loss; one using only
events and a second one using both frames and events. Table IV
summarizes the results.

For both input variations, the error metrics substantially de-
crease when the model is trained with the trajectory loss. This
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TABLE IV
TRAJECTORY LOSS REFERS TO THE LOSS FUNCTION OF EQUATION (10) OF THE
MAIN PAPER, WITH N > 1

Trajectory Metrics ~ 2-View Metrics

Input TEPE TAE EPE AE
2-View Loss E+I 1647  20.57 372 548
Trajectory Loss  E+I 1.29 3.35 227 319
2-View Loss E 1699  21.83 595 857
Trajectory Loss E 1.85 4.61 337 4.80

The 2-view loss refers to the same loss function with N, = 1. Training our method
with the trajectory loss leads to drastically lower errors even for the 2-view
metrics.

TABLE V
INCREASING THE NUMBER OF CORRELATION VOLUMES/LOOKUPS IN TIME
IMPROVES PERFORMANCE

Trajectory Metrics ~ 2-View Metrics

# Correlation Lookups TEPE  TAE EPE AE
1 1.81 4.25 268 3.51
3 1.35 3.43 234 321
5 1.29 3.35 227 319

The underlined row refers to the reference model used in the experiments.

TABLE VI
DECREASING THE BIN SIZE OF THE VOXEL GRID IMPROVES PERFORMANCE

Trajectory Metrics ~ 2-View Metrics

Bin Size TEPE TAE EPE AE
0.1 1.81 4.53 287 397
0.05 1.51 3.82 261 3.63
0.025 1.40 3.56 245 341
0.0125 1.29 3.35 227 319

Each bin is assigned a specific timestamp and the bin size
refers to the At between the bins. The underlined row refers to
the reference model used in the experiments.

reduction is evident for both the trajectory metrics and also the
2-view metrics. This indicates, that the trajectory loss function
is a better choice for the proposed method than the 2-view
loss. Finally, the results in Table IV indicate that we could
further reduce the errors of the DSEC-Flow experiment with
the appropriate ground truth.

4) Number of Correlation Lookups: Table V shows that
increasing the number of correlation lookups improves perfor-
mance consistently on all metrics. However, substantially in-
creasing the number of correlation volumes incurs higher mem-
ory consumption and increases computational demand. This
result suggests a trade-off between performance and compute
and memory requirements. Note that the number of correlation
volumes is the number of correlation lookups (in time) + 1
because the correlation volume at the reference time has to be
taken into account as well.

5) Voxel Grid Temporal Resolution: The voxel grid serves
as a discrete representation of event data, inevitably leading to
some loss of information during its formation. In particular, a
decrease in the number of temporal bins not only reduces the
number of input channels but also intensifies the quantization of
the signal. In our study, detailed in Table VI, we investigate how
the temporal resolution of the voxel grid affects performance
on the MultiFlow dataset. The bin size in this context refers
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TABLE VII
COMPARISON OF INFERENCE TIME, PARAMETER COUNT AND MEMORY
CONSUMPTION ON MULTIFLOW

Input Inference time [ms] Params Memory [GB]
RAFT [9] I 52 53 M 1.20
E-RAFT [4] E 56 53M 1.20
Ours E 77 5.6 M 1.65
Ours E+I 84 59M 1.65

These numbers have been obtained on a titan RTX GPU with an implementation
using pytorch version 1.12.1.

to the temporal interval between consecutive bins. Consistent
with expectations, Table VI demonstrates that a finer bin size,
corresponding to higher temporal resolution, results in improved
performance. Note that a bin size of 0.0125 represents the voxel
grid resolution, as detailed in section V-B, which was used for
the main results on the MultiFlow dataset.

E. Runtime Analysis

Table VII shows inference time in milliseconds, parameter
count in millions of parameters and memory consumption at
inference time on samples from the MultiFlow dataset. Overall,
our proposed method has higher demands on the presented
metrics compared to RAFT [9], which is expected because it
is a generalization of the RAFT architecture.

VI. LIMITATIONS

The current implementation computes the dot products be-
tween all paired features at once, which incurs O(N?) space
complexity where N is the number of spatial features. This lim-
itation can be overcome by computing dot products on-demand,
as original proposed by Teed et al. [9]. Another limitation of the
proposed method is that we cannot compute the pixel trajectories
for a sequence longer than the current input to the model. We
can approximate longer trajectories by concatenating multiple
shorter sequences via interpolation at the reference timestamps.
A more elegant solution could be achieved by designing a
recurrent model that can track pixels without assuming a fixed
sequence length or duration. Finally, the number of correlation
lookups is a fixed parameter that cannot be changed at inference
time. As a result, we must define at training time how many
correlation lookups can be afforded during inference time.

VII. CONCLUSION

We have introduced a method for estimating continuous-
time pixel trajectories from events and frames. The proposed
approach generalizes the frame-based [9] and event-based [4]
RAFT architecture by regressing Bézier curves and uses the
pixel trajectories to extract correlation features along the tem-
poral axis. Our experimental results demonstrate that the pro-
posed method can accurately predict continuous pixel trajecto-
ries while at the same time outperforming strong baselines not
only in simulation but also on real data. Finally, our sim2real
results suggest that the new MultiFlow dataset can also be used
to pretrain pixel trajectory regression models for downstream
applications.
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