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Abstract

Event-based motion field estimation is an important task.
However, current optical flow methods face challenges:
learning-based approaches, often frame-based and relying
on CNNs, lack cross-domain transferability, while model-
based methods, though more robust, are less accurate. To
address the limitations of optical flow estimation, recent
works have focused on normal flow, which can be more re-
liably measured in regions with limited texture or strong
edges. However, existing normal flow estimators are pre-
dominantly model-based and suffer from high errors.

In this paper, we propose a novel supervised point-based
method for normal flow estimation that overcomes the lim-
itations of existing event learning-based approaches. Us-
ing a local point cloud encoder, our method directly esti-
mates per-event normal flow from raw events, offering mul-
tiple unique advantages: 1) It produces temporally and
spatially sharp predictions. 2) It supports more diverse
data augmentation, such as random rotation, to improve ro-
bustness across various domains. 3) It naturally supports
uncertainty quantification via ensemble inference, which
benefits downstream tasks. 4) It enables training and in-
ference on undistorted data in normalized camera coordi-
nates, improving transferability across cameras. Extensive
experiments demonstrate our method achieves better and
more consistent performance than state-of-the-art meth-
ods when transferred across different datasets. Leverag-
ing this transferability, we train our model on the union
of datasets and release it for public use. Finally, we in-
troduce an egomotion solver based on a maximum-margin
problem that uses normal flow and IMU to achieve strong
performance in challenging scenarios. Codes are available
at github.com/dhyuan99/VecKM flow.

1. Introduction

Event-based motion field estimation is a challenging prob-
lem with significant potential for visual motion interpre-
tation tasks, primarily due to its high temporal resolution,
wide dynamic range, and low latency. Image motion is crit-
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Figure 1. We propose a point-based network for estimating normal
flow from raw event data. We discover multiple key advantages of
this point-based approach compared with existing learning-based
approaches. An event and its neighborhood are first encoded as a
fixed-dimensional vector, which is then input to a network trained
in a supervised way to predict normal flow. This approach achieves
high accuracy while maintaining strong transferability across dif-
ferent domains and datasets. Besides, we demonstrate the useful-
ness of the estimated normal flow in a new egomotion solver that
is shown to remain robust even during aggressive camera motions.

ical for various applications, such as egomotion estimation
[67], video interpolation [14], and motion deblurring [54].

Most works on image motion focus on estimating opti-
cal flow (OF). Learning-based OF estimators like [21] per-
form impressively when evaluated within specific domains
or datasets but suffer from accuracy degradation when ap-
plied across different domains, as shown in [25, 26]. In con-
trast, model-based OF estimators like [46] are more robust
to domain shifts, but their accuracy is limited, particularly
in scenarios where the event textures are sparse.

The lack of robustness in optical flow estimators is
mainly due to the local aperture problem [2]. In regions
with limited texture or strong linear edges, only the mo-
tion component perpendicular to the edges (normal flow)
can be reliably measured, while the motion parallel to the
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Figure 2. Our point-based method produces accurate and sharp predictions in the presence of independently moving objects, while other
methods [35, 46] fail. All models (if learning-based) are trained on DSEC and evaluated on EVIMO2. The flows are displayed in HSV
color space, where the hue represents the flow direction, and the brightness represents the flow magnitude.

edges remains ambiguous. To address this issue, optical
flow estimators use CNNs and RNNSs to enlarge their recep-
tive fields, which makes the models prone to overfitting.

With this observation, some existing methods focus on
predicting normal flow (NF) and demonstrate that nor-
mal flow is useful for tasks like egomotion estimation
[24, 29, 43]. However, current NF estimation approaches
are predominantly model-based, relying on fitting a plane
to the local space-time event surface [9, 33]. These ap-
proaches suffer from limited accuracy. Furthermore, the
difficulty in obtaining ground-truth normal flow data has
impeded learning-based normal flow estimators.

As shown in Figure 1 and 2, we explore supervised nor-
mal flow estimation while ensuring transferability across
domains and datasets. Unlike most OF estimators that use
CNNs on event frames, we propose a novel approach based
on encoding 3D point sets and a novel loss function. This
framework directly trains a network to estimate per-event
normal flow from a local event cloud, supervised by ground-
truth optical flow. To efficiently handle large event volumes,
we adopt VecKM [59], a scalable and descriptive local point
cloud encoder. We identify several unique advantages of es-
timating normal flow with this point-based network.

1. Temporally and Spatially Sharp Predictions. By pre-
dicting per-event flow based on the Euclidean neighbor-
hood of every event, our method produces sharp predic-
tions, especially for independently moving objects.
Richer data augmentation. Our point-based approach
enables a wider range of augmentations, such as uniform
random rotations, which significantly enhances the esti-
mator’s accuracy and robustness across various domains.
Uncertainty quantification. Our point-based method
can compute prediction uncertainty with a simple en-
semble inference, offering valuable information for
downstream tasks like egomotion estimation.

Strong transferability. The method uses only event
neighborhoods and we train on undistorted events in nor-
malized camera coordinates. This improves transferabil-
ity when training and testing on different datasets.
Finally, we show the effectiveness of the predicted normal
flows through aggressive egomotion estimation. We intro-
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duce a novel geometric-based egomotion solver that utilizes
normal flows in conjunction with IMU measurements. This
completes the pipeline integrating transferable event-based
normal flow estimation with egomotion estimation. Our
contribution can be summarized as follows:

* We show that normal flow can be better estimated by us-
ing a special point-based encoder VecKM, as opposed to
model-based methods or PointNet. This, and the prop-
erties of normal flow, results in more accurate and trans-
ferrable image motion estimation compared to learning-
based optical flow estimators.

We introduce a novel geometric-based egomotion solver
only using normal flows and IMU measurements, which
remains robust under aggressive egomotion scenarios.
We extensively evaluate our point-based flow estimator
on multiple datasets and multiple transfer settings.

2. Related Work
2.1. Event-Based Optical Flow Estimation

In the early stages, model-based methods were studied for
event-based optical flow estimation. The methodologies in-
clude extensions of the Lucas-Kanade algorithm [5, 8], fea-
ture matching [27, 28, 45, 58], contrast maximization (CM)
[18], Multi-CM [46], plane fitting [3, 9], filter banks [6, 12],
time surface matching [4, 10, 50], iterative deblurring [53].

Recently, learning-based frame-based methods, such
as E-RAFT [21], have dominated event-based optical flow
estimation by leveraging correlation volumes. Many tech-
niques, such as multi-modality [48, 49, 60, 66], motion ag-
gregation [22, 26, 35, 57], synthetic datasets [25, 30, 31]
have improved these models. However, their performance
drops significantly when tested across different domains.

Meanwhile, spiking neural networks (SNNs) are ap-
plied to event-based optical flow estimation due to their effi-
ciency in processing asynchronous data [15, 23, 37, 55, 62,
64]. SNNs offer energy efficiency and compatibility with
neuromorphic hardware. However, their complex training
and dependency on specialized hardware make them less
practical than conventional neural networks.

Despite the existing research, learning-based point-



based methods remain unexplored in the event camera com-
munity, mainly due to the challenges of training point-based
estimators on dense events. Our work addresses this gap.

2.2. Point-Based Networks for Event Cameras

Point-based networks have enabled direct processing of
point cloud data where PointNet [38] was the pioneering
work. Subsequently, many feature extractors were devel-
oped to improve point cloud processing [32, 39, 40, 52, 61,
63]. All existing point-based networks follow a common
pipeline. Input point clouds are sampled and grouped into
centered neighborhoods, transforming the data from (n, 3)
to (n, K, 3), where K is the number of neighboring points.
However, this method is impractical for event data due to
the huge values of n and K. Fortunately, with the invention
of VecKM [59], a descriptive and scalable local point cloud
encoder that eliminates the need for explicit grouping and
sampling, it is now feasible to apply point-based networks
to event data. We explore the potential in this paper.

Prior to the introduction of VecKM, several attempts
were made to apply point-based networks to event-based
vision tasks [41, 42, 44, 51, 56]. However, traditional point-
based networks require downsampling of the local point
cloud neighborhoods (to reduce K), limiting their use to
only high-level tasks like action recognition, which do not
demand precise modeling of event geometry. No previous
work has successfully used point-based networks for low-
level tasks such as normal flow prediction, which requires
an accurate representation of event geometry.

2.3. Normal Flow and its Applications

Normal flow refers to the component of optical flow that is
perpendicular to the edges or parallel to image gradients:
VI-u

n=—-——-—-VI

1
e M

where V1 is the image gradient, u is the optical flow vector,
and n is the normal flow. Normal flow can be estimated
from a local neighborhood because it depends only on local
spatial-temporal intensity changes. Unlike optical flow, it is
not affected by the aperture problem [2], as it only captures
motion along the image gradient direction. Because normal
flow is a projection of optical flow, it satisfies the following
constraint, which will be used extensively in this paper:

n-(u—n)=0

2

Normal flow is typically estimated by fitting planes to
very small event cloud neighborhoods [9, 33, 36, 43], a
simple and reliable method across various datasets. How-
ever, the approach encounters difficulties when the edge is
curved, or the local region features a corner.

Normal flow has been applied to motion and structure
estimation [24, 29, 43]. Traditionally, 3D motion has been
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computed from normal flow via classification approaches
[11, 17] using the so-called depth positivity constraint, re-
lating the 2D to the 3D measurements. Researchers re-
cently developed ways to incorporate the depth positivity
constraint into optimization frameworks [7], and neural net-
works [34] to estimate 3D motion.

The egomotion estimation algorithm proposed in this pa-
per builds on the approach of [7], which also relies on the
depth positivity constraint and optimization. However, we
reformulate the optimization problem as training a support
vector classifier, enhancing stability and accuracy.

3. Methodology

3.1. Problem Definition and Overview

Point-Based Normal Flow Prediction. The input to our
point-based normal flow estimator is a sequence of events
(e1,e2, - ,en), where e, = (tp,Tr,yr)'. We assume
access to GT per-event optical flow (uy,ug, -+ ,uy) for
supervision (see Appendix 9 for how to obtain it). The out-
put of the estimator is a sequence of normal flow predictions
(fiy, Dy, --- ,fiy), where iy € R2. Each prediction 1y, is
determined by the centered neighboring events of eg:

n; = f(./\/(ek)), where ,/\f(ek) =

{ej,ek:H(tj—tk z; — yj(;Jyk)H2<1} 3)

ot 7 bx

where dt, §x, dy are the hyper-parameters controlling the
neighborhood size. Note we allow the number of neighbor-
ing events to be different, i.e., |A(ex)| can be different for
different events e;. As discussed in Section 2.3, the neigh-
boring events contain sufficient information to estimate nor-
mal flow because it is determined by intensity gradients,
which are inherently local.

Uncertainty Quantification (UQ). After predicting the
per-event normal flows (fi;)f_,, we estimate uncertainty
scores (Jk)fle of the predictions, where o, > 0. As shown
later, UQ naturally arises as a byproduct of our point-based
estimator, which we found is useful for improving perfor-
mance in downstreaming tasks like egomotion estimation.
Overview. Our solution to the problem is outlined in Fig-
ure 1. Each component of the pipeline is detailed as follows.
Section 3.2 introduces the local events encoder, which effi-
ciently transforms the local events A/ (ey,) into a representa-
tive vector. Section 3.3 introduces a novel loss function that
guides the network to predict normal flows, supervised by
optical flow ground-truth. Section 3.4 introduces the data
augmentation tricks used during training, which is a unique
advantage of our point-based method. Section 3.5 intro-
duces how to compute uncertainty scores during inference

'We omit polarity here because we found the polarity does not improve
prediction accuracies.



time. Section 3.6 details an egomotion estimation algorithm
that uses normal flow inputs, where we enhance the robust-
ness and stability of the algorithm from [7].

3.2. Local Events Encoder

We introduce how to encode the neighboring events N (e,)
into a vector representation for each event e;. Given the
high volume of input events(~ 80k events every 20 ms), the
local events encoder must be scalable and efficient.

We use a recently developed a local geometry encoder
named VecKM [59], which is designed to process large
point clouds efficiently. VecKM models local events as
samples from a kernel mixture and uses random Fourier fea-
tures to transform the kernel mixture into a vector represen-
tation. Such formulation allows using all neighboring points
to compute the local geometric encoding without down-
sampling the neighborhood. Besides, it eliminates the need
for explicitly grouping and sampling the event neighbor-
hoods. These merits make VecKM well-suited for handling
high-volume event data and dense local event regions.
VecKM Encoding of Local Events. Given the normalized
events X3 = {(, 2, g—g)}kN:l in Eqn. (3), the VecKM
local events encoding G x4 is computed by:

Inx N = adjacency matriz(X nxs)
Anxd = exp(iXnx3Asxa)
Gnxa = normalize((Jnyx NAnxa)-/ANxd)

“4)

J is a sparse adjacency matrix where the (j, k)-entry is 1 if
e; and ey, are close, and 0 otherwise. A3y q is a randomized
fixed matrix with entries drawn from a normal distribution
with a mean of 0 and variance of 25. The function exp(i-) is
the element-wise Euler formula, and ./ denotes the element-
wise complex number division.

The neighbor information is captured in the sparse adja-
cency matrix JJ and incorporated into the local event encod-
ing G through matrix multiplication. The centralizing step
is implicitly achieved by the element-wise division. This
formulation eliminates the need for explicitly grouping and
sampling event neighborhoods, making it descriptive and
scalable. Kindly refer to [59] for detailed derivation.
Qualitative Evaluation of VecKM Encoding. VecKM [59]
proves that G[k,:] € C? in Eqn. (4) effectively represents
local events A (eg). Specifically, the local events distribu-
tion can be reconstructed from the encoding G|k, :]. Figure
3 shows examples of local events and the distribution recon-
struction from the local events encoding. The strong align-
ment between the events and the reconstructed distributions
suggests that VecKM generates a representative encoding.
Normal Flow Prediction. After computing the local events
encoding Gy x4 from Eqn. (4), we transform each event’s
encoding G|k, :] to normal flow prediction fy using a multi-
layer perceptron (MLP) [47]. The MLP is trained by a novel
loss function introduced in the next section.
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distribution reconstruction
from VecKM encoding

event neighborhood

Figure 3. VecKM allows us to inspect encoding quality by visual-
izing the events distribution reconstruction (shown in gray) from
VecKM’s local events encoding. The reconstructed 3D distribution
closely aligns with the original (blue and red) events, demonstrat-
ing that VecKM'’s encoding effectively represents the event data.
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Figure 4. Loss maps and gradient fields of the motion field loss
function. Our motion field loss function consists of radial and an-
gular components. Given the GT optical flow u, the radial compo-
nent guides the predicted flow to lie on the circle with u as the di-
ameter. The angular component guides the predicted flow to align
with u, which prevents the trivial prediction of zero flow.

3.3. Normal Flow Learning with a Two-Term Loss

In frame-based vision, normal flow has been defined as the
flow component along the image gradient (or perpendicu-
lar to the local edge). In event space, however, no obvious
definition exists for an image gradient that can be computed
per-event and so obtaining ground truth (GT) normal flow
for an event camera is challenging. Instead, we use GT op-
tical flow as supervision, and guide the network to predict
normal flow (the component of optical flow along some di-
rection) by training with a novel motion field loss function.
This loss function is composed of two components: a radial
and an angular component, as illustrated in Figure 4.

The radial component guides the predicted flow to sat-
isfy the normal flow magnitude constraint (2). Geometri-
cally, this means the predicted flow lies on a circle where
the GT optical flow represents the diameter. When the nor-



mal flow constraint is satisfied, the radial loss becomes zero.

Note that predicting zero flow is a trivial solution for
minimizing the radial component. To avoid such prediction,
we introduce an angular component, which encourages the
predicted flow to have the same direction as the optical flow.

Heuristically, training on the sum of these two compo-
nents allows the network to predict the full optical flow
when possible. If the texture information is insufficient to
predict the full optical flow, the network resorts to predict-
ing the normal flow. We show that our intention is achieved
in Figure 7 in Appendix 11.1.

Mathematically, given the GT optical flow, the normal
flow is predicted using the following loss function:

S /ol 2
Radial(u,n) = log (W) )
Angular(u,f) = — (0 —u/2)-u ©)

[0 — /2] - |[ull

Figure 4 shows the resulting loss map and gradient field.
Note, that the two components gradients are orthogonal ev-
erywhere, so the optimization of one component does not
interfere with the other.

3.4. Improve Transferability by Data Augmentation

Diverse data augmentation is a unique advantage of our
point-based network, which improves the transferability of
the estimator. Below, we enumerate the data augmentation
tricks applied during training. We denote the input events
as X v xs and their corresponding GT optical flow as U x 5.
Random Rotation. Motion field estimation is an equiv-
ariant task, meaning that rotating the events on the image
plane causes the motion field to rotate by the same angle.
Thanks to this, we apply a uniformly sampled random rota-
tion angle € [0, 27) to the event cloud and GT flow. The
augmented inputs and targets are obtained by:

1 0 0
Xnx3 < Xnx3 |0 cosf —siné
0 sinf cosf

cosf —sinf
sinf  cos@

)

Unx2 < Unx2 [

This forces the network to estimate direction without bias.
Random Scaling. We scale the event streams by a random
scalar @ € (0.75,1.25). The augmented inputs and targets
are obtained by: X < X x o, U < U. This improves the
estimator’s performance on small and large objects.
Random Sampling. We sample 50% ~ 100% percentage
of the events and their corresponding flows. This makes the
estimator robust to density variation.

3.5. Inference with Uncertainty Quantification

As explained in Section 3.4 Random Rotation, motion
field estimation is an equivariant task, which we exploit to

7973

estimate an uncertainty score based on how well the pre-
dicted flow remains equivariant to rotation. Specifically, we
sample K rotation angles and infer the normal flow with the
rotated events. Then we de-rotate the predicted normal flow
with the corresponding rotation angle:

U= estimator(Xng {(1) ];)(ZJ )R(G)*l 8)

By doing so, we obtain an ensemble of K predicted flows
for each event, and can test their consensus to compute an
uncertainty score. Specifically, we use the circular standard
deviation [1] of the ensemble as the uncertainty score. The
final prediction is given by the average of the ensemble in
polar coordinates. Predictions corresponding with uncer-
tainty above a threshold are discarded.

3.6. Egomotion Estimation from Normal Flow

After obtaining the normal flow predictions and uncertainty
scores, we discard events with uncertainty higher than a
threshold. We then use the normalized event coordinates
and their flow predictions to estimate camera translation, as-
suming an initial rotational velocity estimate from the IMU
sensor that is usually available in many scenarios.

Our egomotion solver uses the depth positivity constraint,
which states that all world points are in front of the camera,
i.e., have positive depth. Existing methods [7, 17, 34] utilize
this constraint by maximizing the negative depths. How-
ever, the solution to this problem is not unique with respect
to normal flow because depth positivity only considers the
sign (or the direction) of the normal flow and is thus a weak
constraint. So, when estimated normal flow is used, errors
in the estimated normal flow direction determine the out-
put. Thus we reformulate the problem as maximum margin
problem solved by training a support vector classifier, which
results in a robust estimate.

Given an estimate of the angular velocity 2 from the
IMU, we can calculate the rotational component u’,%!

X

By of the optical flow at pixel x = (z,y) where By is:

—(22 +1)
_zy

Ty
(y*+1)

Then the magnitude of the derotated normal flow at pixel
x, called ny, can be calculated through the relation ny =

Y
-z

By = €))

[|[fix|| — gTulot where g, € R2*! is the direction of normal
flow with unit norm. Then ny is related to translation by:
1
nx = (8 Ax)V (10)

Where V € R3*! denotes the direction of translation, Z, €
R denotes depth, and Ay is:

-1
0

0

X
Ay :[ e y} (1n



Since the depth Zx is positive, the following product, de-
noted as px(V'), should be positive for all x:

PX<VU ::nx(g

We impose this constraint by formulating Eqn. (12) into
a linear support vector classification without intercept,
namely solving V' such that (g1 A, )V has a target sign de-
cided by nx. The pseudo-code is given below. p is the num-
ber of events. A, B are obtained through Eqn. (9) and (11),
N are the norms of the predicted normal flows, G are the
directions of the predicted normal flows with unit lengths,
and () is the rotational estimate from the IMU sensor.

TAV) >0 (12)

Algorithm 1 Egomotion Solver

Input: A, 53, Bpxaxs, Npxi, Gpxa, Qo € R3*L.
Output: V € R3*1,

Qpx3 =batchmat mul(G,A)

R,x1 =N—Dbatchmat mul(G,B) x Qg

Q2px3 = concat (Q, —Q)

Ropx1 = sign(concat (R, —R))

svm LinearSVM(fit_intercept=False)
Vix1 = svm.fit (Q, R) .coef_

V=V/[Vl]

R e A A R i

4. Experiments on Normal Flow Estimation

Datasets. We use MVSEC [65], EVIMO2 [13], and DSEC
[20] to evaluate the accuracy and transferability of our nor-
mal estimator. We undistort and transform the events to nor-
malized camera coordinates (focal length one). We train on
each dataset and evaluate the model on all three datasets,
resulting in nine combinations. Additionally, we train our
model on the union of the three (and potentially more)
datasets. We evaluate it and release it for public use.

Note that MVSEC has different camera resolution and
distortion compared to EVIMO2 and DSEC. Therefore,
there is a substantial domain gap among the cameras used
in the three datasets.

Evaluation Metrics. Quantitatively, we use projection
endpoint error (PEE) and percentage of sign correctness
(% Pos), following the convention in [34], to evaluate the
accuracy of normal flow predictions.

Tt o

percentage(u - n > 0)

PEE(u, h) =

%Pos(u,n) =

13)

(14)

PEE measures how well the normal flow magnitude con-
straint (2) is satisfied. It measures the error in the length
of the normal flow. % Pos measures how well the predicted
normal flow has correct orientation as determined by the GT
optical flow. Note that since the direction of normal flow is
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independent of motion, optical flow also satisfies the con-
straint equation (2) and thus also minimizes PEE.
Qualitative Evaluation. In this link, we include flow pre-
diction videos for every evaluation. Qualitative evaluation
is crucial for assessing aspects like prediction sharpness and
handling independently moving objects, which are not fully
captured by quantitative metrics. We show visualizations in
Figure 5 and upload flow prediction videos to this link. See
Appendix 8 for detailed video descriptions.

Compared Models. We compare our point-based learning-
based normal flow estimator with state-of-the-art event-
based optical flow estimators. We compare against Mul-
tiCM [46], E-RAFT [21], and Taming Contrast Maximiza-
tion (TCM) [35], which are all frame-based estimators us-
ing model-based, supervised, and self-supervised learning
approaches. Additionally, we compare against two point-
based normal flow estimators: PCA [9] and PointNet [38].
Implementation details and hyper-parameter setting are
presented in Appendix 10.

4.1. Evaluation on MVSEC

As shown by the quantitative results in Table 1, our point-
based method is on par with state-of-the-art frame-
based methods despite using only local information.
While TCM achieves lower PEE than our method on
MVSEC, this is because MVSEC mainly features low-
resolution, slow-moving, static scenes without indepen-
dently moving objects. This produces sparse events and
limits the performance of our estimator. In these scenar-
ios, TCM and E-RAFT using CNNs, can leverage larger
receptive fields (through stacked convolution and pooling
layers) to smooth the flow predictions. As we will show
in Section 4.2, TCM and E-RAFT’s performance deterio-
rates when scenes include independently moving objects,
whereas our method remains robust.

Our method outperforms the point-based estimators,
PCA (MB) and PointNet (SL) by achieving lower PEE
and higher % Pos, highlighting the benefits of supervised
training. Additionally, PointNet requires explicit group-
ing of events into neighborhoods and sampling, while our
method does not. This allows us to use information from
more neighboring events to predict the flows and yield bet-
ter performance. In cross-dataset evaluations, our estimator
outperforms PCA and PointNet when trained on DSEC and
evaluated on MVSEC even though PointNet was trained on
MVSEC. When our method is trained on EVIMO-imo, the
performance remains comparable though the EVIMO-imo
train set containing only 2.74 minutes of data.

4.2. Evaluation on EVIMO2

EVIMO2-imo sequences feature fast independently mov-
ing objects. Table 2 presents quantitative results on the sam-
sung_mono camera and Figure 5 visualizes the flow predic-



Input Training  Indoor Flying 1 Indoor Flying 2 Indoor Flying 3 Outdoor Day 1 Average

Set PEE] %PosT PEE] %Post PEE| %PostT PEE| %Pos?T PEE| % Pos?
MultiCM  MB F 0993  97.8% 1378 98.1% 1.191 982% 1422 932% 1246 96.8%
PCA MB P - 1460 762% 1586 763% | 1.552  75.0% [ 1548 | 799% | 1537 76.9%
E-RAFT  SL F M 1836 76.1% | 2867  74.7% [ 1951 | 754% 0.677 97.8%  1.833 | 81.0%
D 0797  925%  1.163 91.6% 0948 929% 0846 97.0% 0.939 93.5%
TCM SSL M 0319  95.1% 0.638 913% 0490 944% 0948 97.3% 0599  94.5%
D 0303 939% 0.546 92.0% 0437 93.6% 0778 97.1% 0.516 94.1%
PointNet ~ SL M 0973  96.7% 1428 956% 1224 97.0% 1032 97.1% 1.164 96.6%
M 0970 984%  1.090 = 99.4% @ 1.040 | 99.6% 0.880 @ 992% 0995 @ 99.2%
Ours SL P D 0922 = 993% 1216 992% 1282 99.6% 1004 978%  1.106  99.0%
E 1.669  99.0% 1483 99.6% 1.671 99.7% 0854 98.6% 1419 99.2%
M+D+E 0968 = 995% @ 1.057 | 995% 1.065  998% 0879 973% 0992 99.0%

Table 1. Quantitative results on MVSEC. The estimators are classified into model-based (MB), supervised learning (SL), self-supervised
learning (SSL), frame-based (F), point-based (P). They are trained on MVSEC (M), DSEC (D), EVIMO-imo (E).

Tnput Training Scene_13_00 Scene_13_05 Scene_14_03 Scene_14_04 Scene_14_05 Average (8 scenes)

Set PEE| %PosT PEE] %Post PEE| %Pos?T PEE] %Post PEE| %PosT PEE] % Pos?
MultiCM  MB F - 1509 | 532% | 4315 75.7% 1.611 | 79.2% 1.800 | 732% | 27968  72.9% 1.800 68.5%
PCA MB | - 1573 | 882% 2035 87.5% 1580  91.9% 1.784 | 90.3% 1.823  89.4% 1.712 87.8%
E-RAFT  SL F M 1370  719% = 2.406  90.6% 1356 69.5% 1458 64.6% | 2186 67.1% 1.470 70.2%
D 0.843  88.9% 1185 975% 0517 88.1%  0.538 859% 0908 86.3%  0.705 87.9%
TCM SSL F M 0.823 85.6% | 3201 953% 1.111 86.3% 1532 86.0% | 2.445 82.2% 1.383 84.6%
D 0774 873% 2541 951% 0872 87.8% 1.090 86.5% 1.640 84.1% 1.105 85.3%
PointNet ~ SL P E 1.047 88.1% 0924 97.7% 0.848 983% 0892 962% 1.053 96.6%  0.933 95.0%
M 0713  95.6% 0269 = 993% @ 0.676 = 98.8%  0.651 98.1%  0.806 ~ 982%  0.551 97.1%
Ours SL P D 0590 96.6% 0230 998% | 0.575 | 998% @ 0.625 | 99.5% 0567 @ 994% @ 0.463 97.9%
E 0497  96.7% 0399 = 992% @ 0478 | 992% 0515 | 98.8% 0.584 = 98.6%  0.423 97.9%
M+D+E 0465 96.2% 0308 & 992% @ 0.544 | 993% 0.467 | 98.8% 0568 98.5%  0.396 97.8%

Table 2. Quantitative results on the first five scenes of EVIMO2-imo’s evaluation set. The complete table is in Appendix 12.

tion colored in HSV. As shown on the Table 2, our method,
significantly outperforms all compared estimators in the
presence of independently moving objects even when
trained on other datasets. In addition, as shown in Fig-
ure 5, our method effectively preserves the boundaries of
the IMOs, closely matching the ground truth. While base-
line methods achieve fair scores in Table 2, their predictions
are often wrong in key scenarios. As shown in Figure 5,
background flow estimates are often influenced by moving
objects, and sudden camera acceleration causes flow esti-
mates to be biased. Although these moments are short in
the testing set and hence not fully reflected in Table 2, they
represent significant limitations of the baseline methods.
Our estimator shows highly consistent performance
and strong generalizability across different scenes, mo-
tion types and datasets as shown in Table 2. This is due
to the model’s use of geometric features from local event
neighborhoods, which capture domain-invariant patterns es-
sential for normal flow estimation. Besides, our approach
employs normalized camera coordinates, utilizes extensive
data augmentation, and prevents global information from
affecting estimates in regions with independently moving
objects (IMOs), which all lead to the strong performance.

4.3. Evaluation on DSEC

Since DSEC does not release the ground-truth optical flow
for the testset, we (only) use 1 scene in the training set to
train our model and hold out 12 scenes for quantitative eval-
uation. As presented in Table 3, our method achieves the
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training 8 day scenes 4 night scenes
set PEE %Pos PEE %Pos
M 1.631 89.0% 2.145 86.0%
E 1.075 90.8% 1.598 81.0%
D (Iscene) 1.043 90.7% 1357 82.8%

Table 3. Average performance over 12 scenes on DSEC. Scenes
splitting and per-scene evaluation are presented in Appendix 13.

same performance when trained on MVSEC, EVIMO, or a
single sequence from DSEC, which demonstrates its ability
to be trained with a small amount of data while still achiev-
ing good performance. The MVSEC-model incurs a slight
performance drop due to a relatively large difference in dis-
tortion and event density. In the night scenes, events flick-
ering produces many noise events that are irrelevant to the
object motion. Therefore, the performance drops compared
to day scenes, but our uncertainty score can filter out those
noise events to some extent, as discussed in Appendix 13.

4.4. Qualitative Evaluation on More Datasets

We evaluate our estimator qualitatively on DSEC-testset
[20], FPV [16], and VECtor [19], which lack ground-truth
optical flow. Figure 10 in Appendix 8 and the flow predic-
tion videos in appendix show our method performs con-
sistently well across datasets from different cameras.

5. Experiments on Egomotion Estimation

We evaluate our egomotion solver on the EVIMO2 sfm
split, which includes scenes with fast camera motions and a
focus of expansion far from the camera frame. The normal
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Figure 5. Visualization of flow prediction on EVIMO2-imo. The flows are displayed in HSV color space. Our method effectively preserves

the boundary of the IMOs, while other methods fail.

flow is estimated using our method trained on the EVIMO2-
imo training split. Only events with uncertainty scores
o < 0.15 are inputted to egomotion solver. Table 4 com-
pares our solver using SVM, to a method based on [7] that
estimates translation by maximizing negative depth using
rotation estimates from the IMU. The results demonstrate
that our normal flow predictions and egomotion solver yield
more accurate egomotion estimations. Figure 11 plots the
estimated translation given by the two compared methods,
scaled to m/s using ground truth.

sfm 03.04.0 sfm 03.02.0 sfm 03.02_1

RMS V (m/s)

0.243
0.156

Seq. sfm 03.00_0 sfm 03.03.0

Method

Depth Pos.
SVM

0.217
0.136

0.500
0.227

0.237
0.141

0.135
0.116

sfm 03.01.0 sfm 03.02.2 sfm 03.03-2

RMS V (m/s)

0.137
0.108

Seq. sfm 03.02_.3 sfm 03.03-1

Method

Depth Pos.
SVM

0.369
0.219

0.091
0.127

0.213
0.279

0.265
0.136

Table 4. Egomotion estimation error on EVIMO2-s fm.

6. Ablation Studies

We perform extensive ablation studies on our proposed
method. We summarize the conclusion in this section, leav-
ing the experiment statistics to Appendix 11.

Effectiveness of motion field loss. We compare the
model’s performance against a baseline trained with con-
ventional optical flow loss function. The model trained with
our proposed motion field loss achieves significantly lower
error, highlighting the effectiveness of our loss function.
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Effectiveness of uncertainty quantification (UQ). We find
the flow prediction errors are positively correlated with the
uncertainty scores. We also find the egomotion estimation
error is minimized by choosing a suitable threshold. Both
findings highlight the effectiveness of the UQ. Finally, we
study how many ensembles of predictions are needed to
generate reliable UQ.

Computation Cost. Our estimator has a moderate compu-
tation cost. Our runtime is slightly slower than frame-based
methods like TCM [35] with memory usage below 6GB.
The computation is generally feasible on entry-level GPUs.

7. Conclusion and Future Work

We introduce a point-based method for normal flow estima-
tion that overcomes limitations in existing model and learn-
ing based methods by using local information without ex-
plicit grouping. This allows improved cross domain trans-
fer and good performance in the presence of independently
moving objects. Despite highly scalable, the method may
face computational challenges with higher camera resolu-
tions. Thus, future work can consider optimizing the en-
coding and transformation to normal flow. Additionally, our
method currently depends on ground-truth flow for training.
A self-supervised approach could further improve its usabil-
ity. Finally, while our method benefits from using local in-
formation, future work can consider careful incorporation
of global information that may be beneficial for tasks such
as action recognition and object detection.
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