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Figure 1. (a) The dilemma faced by motion estimation algorithms between the local smoothness assumption and the real divergence due to
motion in depth; (b) (c) The spatio-temporal projection of events (Event Kymograph) provides an clear observation of temporal evolution,
enabling heterogeneous spatio-temporal motion analysis; (d) 3D motion can be inferred by modelling spatio-temporal trajectories via

event-guided non-uniform parametric curves.

Abstract

Visual 3D motion estimation aims to infer the motion of 2D
pixels in 3D space based on visual cues. The key chal-
lenge arises from depth variation induced spatio-temporal
motion inconsistencies, disrupting the assumptions of local
spatial or temporal motion smoothness in previous motion
estimation frameworks. In contrast, event cameras offer
new possibilities for 3D motion estimation through contin-
uous adaptive pixel-level responses to scene changes. This
paper presents EMoTive, a novel event-based framework
that models spatio-temporal trajectories via event-guided
non-uniform parametric curves, effectively characterizing
locally heterogeneous spatio-temporal motion. Specifically,
we first introduce Event Kymograph - an event projection
method that leverages a continuous temporal projection
kernel and decouples spatial observations to encode fine-
grained temporal evolution explicitly. For motion represen-
tation, we introduce a density-aware adaptation mechanism
to fuse spatial and temporal features under event guidance,
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coupled with a non-uniform rational curve parameteriza-
tion framework to adaptively model heterogeneous trajec-
tories. The final 3D motion estimation is achieved through
multi-temporal sampling of parametric trajectories, yield-
ing optical flow and depth motion fields. To facilitate eval-
uation, we introduce CarlaEvent3D, a multi-dynamic syn-
thetic dataset for comprehensive validation. Extensive ex-
periments on both this dataset and a real-world benchmark
demonstrate the effectiveness of the proposed method.

1. Introduction

Visual 3D motion estimation infers the movement of 2D
pixels in 3D space, playing a crucial role in spatial intel-
ligence for autonomous systems and enabling diverse ap-
plications in dynamic scene understanding [2, 5, 21, 37].
The key challenge of 3D motion estimation lies in maintain-
ing motion representation consistency throughout the spa-
tial deformation process induced by depth variation.
Existing approaches employ frame-based cameras or Li-
DAR for 3D motion perception; their reliance on fixed tem-
poral synchronization limits performance under complex



motion patterns and depth variations. For example, most
optical flow methods [9, 32, 36, 39, 52] estimate planar
motion through inter-frame correspondences of pixels/point
clouds, but their insufficient temporal observation necessi-
tates restrictive local spatial motion consistency priors or
long temporal consistency to regularize the solution space.
Recent efforts [23, 26, 28] attempt to decouple planar and
depth motion estimation in dual spaces (feature space and
scale space), yet the inherent contradiction persists as both
spaces originate from the same pixel domain. The root
cause stems from heterogeneous spatio-temporal motion:
object projections in image space undergo local deforma-
tions due to motion in depth, invalidating local temporal in-
variance assumptions.

Event cameras - bio-inspired vision sensors that asyn-
chronously report pixel-level brightness changes through
event streams[12, 50] - offer microsecond temporal resolu-
tion, high dynamic range, and minimal motion blur, making
them promising for accurate 3D motion estimation. Specifi-
cally, event streams can form Event Kymograph through x-t
and y-t decoupled projections to capture temporal evolution
in microseconds, as shown in Fig. 1. This fine observation
enables non-stationary modeling for 3D motion estimation
while avoiding the motion dilemma.

Based on the spatio-temporal clues from event cameras,
we propose EMoTive, an event-guided trajectory param-
eterization framework, to achieve 3D motion estimation.
This framework models motion trajectories through non-
uniform parametric curves whose deformation character-
istics encode 3D motion parameters. Specifically, it first
constructs spatial representations (Event Voxel) through x-y
plane projections and temporal representations (Event Ky-
mograph) through x-t and y-t decoupled plane projections.
Then, dual cost volumes are constructed on both spatial and
temporal representations to guide iterative trajectory refine-
ment. Meanwhile, a density-aware adaptation mechanism
is proposed to update the curve parameters by non-uniform
sampling of the local event density, which is correlated with
the motion strength. The resulting trajectories parameterize
pixel motion over time, from which we derive optical flow
at arbitrary timestamps and compute depth motion fields
through temporal analysis. To enhance depth estimation
robustness, we further propose a multi-view fusion algo-
rithm that aggregates observations across adjacent times-
tamps. To better simulate real-world motion scenarios, we
construct the CarlaEvent3D dataset using the CARLA au-
tonomous driving simulator, which includes diverse envi-
ronments (night, rain, fog, efc.) and realistic motions for
training and evaluation.

The contributions can be summarized as follows:

1. For event-based 3D motion estimation, the EMoTive
model is introduced via event-guided non-uniform para-
metric curve modeling to characterize heterogeneous
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spatio-temporal motion patterns.

. To encode fine-grained temporal evolution from events,
the Event Kymograph is proposed by leveraging a con-
tinuous temporal projection kernel from decoupled spa-
tial observations.

. During the progress of trajectory formation, a Density-
aware adaptation mechanism is designed to guide non-
uniform spatio-temporal fusion and curve parameter up-
dating depending on the motion sensitivity of events.

. For comprehensive evaluation, the CarlaEvent3D
dataset is introduced, which simulates real-world mo-
tion under multiple complex scenarios. Extensive ex-
periments on both synthetic and real-world benchmarks
reveal the competitive performance of the EMoTive with
superior efficiency.

2. Related Work
2.1. 3D Motion Estimation

Scene flow was first introduced by Vedula et al. [45] to
estimate the 3D motion of objects in dense scenes. Vari-
ous methods have been proposed depending on the avail-
able data modalities, such as monocular/stereo images, Li-
DAR, or RGB-D data. Stereo-based methods [6, 31, 49]
employ a two-stage pipeline: (1) disparity estimation for
3D reconstruction followed by (2) temporal correspondence
matching for scene flow computation. LiDAR-based tech-
niques [17, 22, 30, 33] leverage point cloud registration
across frames using geometric matching algorithms. How-
ever, these approaches exhibit modality-specific limitations
[47, 53]: Stereo systems require precise extrinsic calibra-
tion, while LiDAR suffers from sparse sampling artifacts
due to non-uniform beam distribution and surface reflectiv-
ity dependencies.

Recent advances in monocular 3D motion estimation
have demonstrated promising results through hybrid archi-
tectures. Early variational methods [4, 10] jointly opti-
mized motion and depth under restrictive priors [16, 46],
which limited their generalization capability. A paradigm
shift occurred with Yang and Ramanan’s normalized scene
flow formulation [51], enabling depth-agnostic 3D motion
estimation through optical expansion analysis. Subsequent
works by Han er al. [26-28] introduced cross-scale fea-
ture fusion mechanisms, unifying optical flow estimation
and depth motion prediction in an end-to-end framework.
Nevertheless, these image-based methods remain suscepti-
ble to spatial deformation artifacts.

2.2. Event-Based Motion Estimation

Event cameras offer unique advantages for motion estima-
tion through low latency (us-level) and high dynamic range
(> 120dB). Early solutions on event-based motion esti-
mation [7, 19, 35] employed physical constraints like in-
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Figure 2. Overall pipeline of EMoTive with event-guided trajectory formation scheme. The Event Voxel and Event Kymograph will
be first utilized to construct spatio-temporal dual correlations for motion representation. A density-aware adaptation mechanism is then
implemented to fuse spatial and temporal features under event guidance to model trajectories adaptively. The final 3D motion estimation
is achieved through multi-temporal sampling of parametric trajectories, yielding optical flow and depth motion field

tensity constancy and local motion smoothness. Plane fit-
ting techniques [1, 3, 34] estimate normal flow under lo-
cal smooth motion assumptions, while contrast maximiza-
tion frameworks [11, 18, 20, 38, 42, 48] optimize event mo-
tion through spatio-temporal alignment analysis. However,
these methods face fundamental limitations in handling
complex motion patterns and avoiding local optima. An-
other line of research pursues learning-based approaches,
with architectures like EV-FlowNet [54] and E-RAFT [14]
demonstrating robust 2D optical flow estimation. Recent
multi-modal approaches [47, 53] integrate events with RGB
and radar data, exploiting event-driven temporal cues to
enhance 3D motion modeling in high-dynamic-range sce-
narios. Notably, Li ef al. [24] developed BlinkVision, a
synthetic dataset enabling event-based scene flow learning
through novel mesh processing pipelines. Despite progress,
the challenge of locally heterogeneous spatio-temporal mo-
tion modeling persists.

3. Method

To address the challenge of 3D motion estimation, this
paper proposes EMoTive, which models heterogeneous
spatio-temporal motion process through non-uniform para-
metric curve representations of spatio-temporal trajectories
T. Specifically, we introduce Event Kymograph, a tempo-
ral representation from decoupled space, to leverage tempo-
ral correlations from event streams explicitly. The proposed
spatio-temporal trajectory 7, guided by event streams, is
formally defined as: 7 (t,x,y) +~ RZ? This continu-
ous representation describes pixel-level motion evolution
throughout temporal sequences. Crucially, the trajectory
formulation enables the acquisition of pixel motion in im-
age space at arbitrary timestamps, yielding optical flow O.
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Figure 3. Projection axes of Event Voxel and Event Kymograph.
The Event Kymograph captures fine temporal cues in decoupled
spatial axes.

Furthermore, by integrating temporal derivatives, we can
establish the motion in depth M, providing comprehensive
3D motion estimation for dynamic scenes.

3.1. Event Representation

Asynchronous event streams pose significant challenges for
direct analysis and computation. A prevalent solution in-
volves spatio-temporal event aggregation through planar
projections, noted as Event Voxel [8]. This approach ag-
gregates events through temporal quantized, combined with
spatio-temporal triangular kernels, formally expressed as:

V(z,y,b) = Zpik(ﬂﬁ —x)k(y —y)k(b—t7), (1)



where the event streams (x;, y;, t;, p;) i€[1,N] is temporally
quantized with bin duration Tg: ¢f = (t; — t1) /T,
and k(a) denotes the triangular sampling kernel:k(a)
max(0,1 — |a|). This formulation yields a voxelized tensor
V : REXHXW through spatio-temporal aggregation.
However, conventional event voxel encoding inevitably
discards fine cues due to coarse temporal quantization. To
overcome these limitations, we propose Event Kymograph
projection — a novel spatio-temporal mapping that preserves
temporal fidelity through the x — ¢, y — ¢ spacial axis decou-
pled projection, formulated as:
] ;@

(&)= (&me o)

where o controls the temporal smoothing scale of the Gaus-
sian kernel g: g(alo) = exp(—(a/o)?). This projection
strategically decouples spatial dimensions while maintain-
ing fine temporal precision (e.g., 10us) through continu-
ous Gaussian temporal encoding, thereby enabling high-
resolution observation of transient processes.

Our framework collaboratively combines both projec-
tion paradigms as spatio-temporal event representation: 1)
Event Voxel captures spatially dominant features, and 2)
Event Kymograph preserves temporally sensitive patterns.

K,
K?/

3.2. Spatio-temporal Dual Cost Volumes

Spatial Correlation. Building upon established architec-
tures in optical flow estimation [14, 43], EMoTive employs
two same 2D convolution networks as space encoder to ex-
tract latent spatial representation fy,,, : RPs*HpXWb and
context encoder to obtain context representation f. from the
Event Voxel. And given latent features f}, , ff,, from tem-
porally adjacent voxel projections, we generate an N-level
cost pyramid via multi-resolution inner-product:

Dy
1 & o
C}Tw = FZfsw(cazvj) . A%d (f}ttw(cka))a (3)
S e=1

where A2, denotes 2D average pooling with kernel size
2™ for coarse-to-fine matching, m € {1,..., N} indexes
the pyramid level, and we adopt a 2-level cost pyramid.
Temporal Correlation. For temporal feature extrac-
tion, we apply a 1D convolution encoder operating on
the Event Kymograph (K,,K,). The projection will
firstly be evenly divided into subblocks based on the
N, temporal anchors to form the sequence K, ,
{Kg)y,s(1), ..., Kz)y,s(Na)}. The encoder operates on
each subblock and outputs two complementary temporal
feature tensors: f; : RNeXPiexXHp and f,, : RNaXDiexWp
preserving axis-specific motion pattern. To further capture
motion dynamics, we formulate a spatial-decoupled tempo-
ral cost pyramid through cross-subblock correlation along
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Figure 4. Event-guided trajectory formation process. Local event
density is introduced to adaptively adjust the knots and weights
while fusing spatio-temporal features for control points update.

orthogonal spatio-temporal projections:
[ ] _ [ e S Fur(L ) - A% (Fun(n, . )
oS Fue(Loe k) - AT (fue(n, 1))
“4)
where, Af;l implements 1D temporal pooling, and n €
{2,..., N,} indexes temporal subblocks.
For subsequent efficient correlation sampling, the tem-

poral correlation on the joint space axis is then synthesized
through tensor product fusion:

Czn(TL?i? k?j? l) i O;er(n7i7j) ® C’["Z}’;(”? k? l)7

m
wt

m
ht

)

®)
where ® denotes outer product along spacial dimensions.

3.3. Spatio-Temporal Trajectory

To model heterogeneous motion patterns from event stream,
we propose a non-uniform rational B-spline (NURBS)
based spatio-temporal trajectory representation. This para-
metric formulation extends prior uniform B-spline ap-
proaches [15, 44] by incorporating event-driven non-
uniformity through adaptive knot vectors and weights, ad-
dressing limitations in the motion expressiveness of glob-
ally controlled curves. The trajectory map 7 : R? = RZ? is
defined as:

~ 2 Nip(HwiPi(,y)

T(t,l‘,y) - Z:L Nz,p(t)wz )

(6)



where N; ,(t) is the p-th degree B-spline basis function
function with non-uniform knot vector T = {t1,...,tn},
w; € Rt represents the event-adaptive weight and P; € R?
is the i-th control point from the set P = {P4,...,P,}.

3.3.1. Density-aware Adaptation

The expressiveness of NURBS curves is primarily gov-
erned by knot vector distribution and control point weight-
ing. Higher knot density, coupled with elevated weights,
enhances the curve’s capacity to capture rapid motion pat-
terns. Building on the motion sensitivity of event [12], we
formulate an event-density guided adaptation mechanism.
The adaptation pipeline comprises three phases:

(1) Spatio-temporal density estimation: Compute the
distribution tensor E, € RT*H*W from Event Kymo-
graph: E;(ig,x,y) = Ksz(ig, ) © Ksy(ig,y), wWhere
i € [1, N,] indexes temporal blocks. A 3D average pool-
ing operator As, generates the density Dy = Asq(Fs).

(2) Key parameter selection: Extract top-n temporal in-
dices {i;,;}}_; from D; along the temporal axis, where n
matches the control point count. Then convert these to nor-
malized timestamps: ?; ; = %,Vj el,...,n.

(3) Curve parameter update: For clamped NURBS con-
straints, compute adjustable knots ¢.; via sliding-window
averaging and weight values from density normalization:

-1
11’
tc,i:7§ tl,i+k7 Zelvvn_p+17 (7)
pk:—O

fwi ¥y = 0 (Dli)iy)
where o (+) denotes softmax normalization.

3.3.2. Control Points

The trajectory control points are dynamically updated
through an event-guided spatiotemporal feature fusion pro-
cess, as illustrated in Fig. 4. Our update mechanism oper-
ates in three phases:

Spatio-temporal Query: For each pixel p = (z,y) at
at reference time ¢ = 0, we sample its warped position
p: = p + T (t,z,y) along the NURBS trajectory. At each
queried timestamp {#; ;}"_; from density adaptation, we
extract neighborhood correlation within radius r from the
cost pyramid. This constructs 4D temporal/spatial cost vol-
ume C' € REXWxnx(2r+1)® capturing motion patterns.

Feature Fusion: We combine three information
streams: (1) Temporal cost volumes at adaptively sam-
pled {t; ; }; (2) Spatial cost volume from end-time displace-
ment 7 (1,,y); (3) Context representation f, from spa-
tial feature encoding. These are concatenated into a spatio-
temporal feature 7 € R *Wxd through convolutions.

Iterative Refinement: Initializing P(°) = 0, we it-
eratively update control points via feature F: PUH) =
P + GRU (F,PY9)), GRU is gated recurrent unit.

®)
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3.4. Scene Flow Estimation

Building upon the depth-normalized scene flow S ¢ [51], we
decompose it into two complementary components: optical
flow O and motion in depth M :

S _
L =

where K represents the camera intrinsic matrix, Z denotes
the relative scene depth, u indicates the homogeneous im-
age coordinates, and Sy corresponds to the scene flow. The
optical flow component at time ¢ is directly computable
through trajectory queries: O(x,y) = T (¢, z, ).

The motion in depth component M can be derived from
the temporal gradient of the trajectory 7. Assuming a non-
rotating rigid body under perspective projection with con-
stant velocity in world coordinates, we establish the depth
motion relationship:

YA

Zy
where Az and (v, v1) represent the displacement and ve-
locities of the object along the x-axis between times ¢ and
t1, respectively (complete derivation provided in supple-
mentary material).

By estimating the trajectory gradient 7' (¢) [41] to obtain
instantaneous velocity v, we compute M via Eq. (10). En-
forcing physical motion consistency across temporal obser-
vations yields the multi-view relationship: Moy = % (My—
1) + 1. This leads to our temporal stability constraint
through viewpoint aggregation:

Sp=K (M=1)-ut+M-0), (9

VoAt + Ax

= At=t; — ¢
n At + Az’ L=

(10)

ISty
Mk—kiijtiwz 1)+ 1. (11)

3.5. Supervision Framework

The proposed method employs a multi-task learning objec-
tive combining optical flow supervision, motion in depth
supervision and temporal gradient regularization. The com-
posite loss function is formulated as:

L = Lyow + Ldepth +AL, A= 1077, (12)

Optical Flow Supervision. We implement an exponen-
tially weighted L1 loss across iterative refinements:

N
Lnow = Y7 7F (|0 — 02|y + |0 — 0)
k=1
13)

Motion in Depth Supervision. Following similar prin-
ciples, the motion in depth loss can be obtained as:

N
Laepn = Y _ AN FIMP) — M9, (14)

k=1
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Temporal Gradient Regularization. To prevent high-
order trajectory distortions (e.g., spiral artifacts in linear
motion), we impose a first-order smoothness constraint on
temporal derivatives of trajectory:

T-1
L= T (tiyr) = T'(t:)1- (15)
1=1

This regularization term enforces smooth temporal evo-
lution of trajectory, effectively suppressing non-physical
transformation while preserving motion consistency.

4. Experiment

4.1. Experimental Setup

Dataset. Current event-based 3D motion datasets predom-
inantly derive ground truth through LiDAR in point cloud
coordinates [47, 53], resulting in sparse and inconsistent
signals. These datasets exhibit several critical limitations,
including a lack of dynamic object annotations and limited
environmental diversity (daytime only). The DSEC bench-
mark [13] provides improved event-aligned optical flow in
corrected camera coordinates, supporting day-night scenar-
ios. However, its filtering of moving objects restricts appli-
cability to motion estimation. In this paper, we develop Car-
laEvent3D dataset which provides various driving scenes
and ground truth 3D motion annotations with Carla sim-
ulator. For event generation, we utilize this simulator to
generate high-frame-rate video, then simulate events us-
ing the DVS Voltemter [25] algorithm. The dataset con-
tains 22,125 synchronized event-label tuples (resolution:

9347

320x960) across 6 environmental conditions (Fig. 5), par-
titioned into: 1.Training: 45 sequences (13,275 samples);
2.Validation: 15 sequences (4,425 samples); 3.Testing: 15
sequences (4,425 samples). The collected objects guarantee
a wide range of motion distribution, with velocity over 100
pixels / 100 ms (highway speeds). Furthermore, the distri-
bution of events in various environments shows significant
differences, from 0.5 - 5.0 Mev/s (foggy v.s. night).
Experimental Setup. We employ the AdamW optimizer
with gradient clipping and the OneCycle learning rate pol-
icy over 60,000 iterations to ensure stable convergence. For
the Event Kymograph projection kernel, we set the smooth-
ing scale 0 = 10 to balance event density and temporal
resolution. And the temporal subblock count N, is set to
6 for efficient feature aggregation. The hyperparameters of
the trajectory will be defined through the ablation study.
The scene flow validation is partitioned into optical flow
and motion in depth in CarlaEvent3D. For optical flow es-
timation, we adopt Average End-Point Error (EPE) and FI-
outlier ratio (F1) [14] metrics, while motion in depth accu-
racy is quantified through logarithmic error (log-mid) [51].
Furthermore, we validate methods on the DSEC benchmark
for scene flow estimation and employ 3D End-Point Error
(EPE3p) and Accuracy-at-5cm (ACCy g5 metrics[47].

4.2. Validation on the CarlaEvent3D Dataset

In this section, we conducted comprehensive motion esti-
mation benchmarking on the CarlaEvent3D dataset, with
comparisons detailed in Tab. 1. To ensure fair compari-
son under event-driven paradigms, we re-implement four
image-based methods — Expansion [51], TPCV [51], Scale-
Flow [27], and Scale++ [26] — using Event Voxel as input
with consistent training protocols.

The results reveal that the methods depending on spa-
tial correlation exhibit significant performance degrada-
tion (5.274 - 1.963 EPE increase) due to event data’s in-
herent low spatial redundancy, On the other hand, the
ETTCM [40] model, which estimates motion per event, is
limited by the asynchronous nature of the algorithm and
struggles to achieve ideal performance in complex mo-
tion scenarios. Our EMoTive framework addresses these



flow@D mid@D flow@S mid@S
Model EPE, f1, log-mid; | EPE, 1, log-mid; | params.(M)  time(s)
ERaft [14] 2781  24.604 - 3.067 27.326 - 5.04 0.049
Expansion [51] 7.821 57.653  171.237 8.266 61.819 173.781 12.13 0.300
TPCV [28] 4510 42230 285.253 5298  47.335 335.034 10.33 0.085
ScaleFlow [23] 4518 42885  268.050 5288 47956  321.067 10.70 0.090
Scale++ [26] 5.242  40.081  260.165 6.044 46.391  298.588 42.96 0.119
ETTCM' [40] - - - 27.596 96.538  518.365 - 1075 /ev
EMoTive(UniForm) | 2.669 24.607 122.023 3.060 27.367 147.991 5.67 0.040
EMoTive 2.547 22866 113.593 2.850 24.659 138.402 5.61 0.040

Table 1. The validation results on the CarlaEvent3D dataset. @D and @S represent dense labels and event-masked sparse labels.

flow mid
Model EPE; f1, log-mid,
ERaft [14] 0.451 0.773 -
Expansion [51] 1.590 6.808 179.044
TPCV [28] 0.782 2.353 379.688
ScaleFlow [23] 1.047 4.733 367.939
Scale++ [26] 1.106 6.464 345.220
ETTCM [26] 16917 84.318 433.3
EMoTive(UniForm) | 0.497 1.083 156.164
EMoTive 0.439 0.742 152.722

Table 2. Validation of 3D motion estimation on the DSEC dataset

limitations through fine temporal observation and event-
guided spatio-temporal trajectory modeling, outperforms
spatial-dependent methods by 43.5% in optical flow EPE,
and 33.6% in motion in depth log-mid. Furthermore,
the event-guided non-uniform trajectory design specifically
contributes 4.6% (optical flow) and 6.9% (depth motion)
accuracy gains compared to uniform B-spline parameteri-
zation.

In terms of parameter count and inference time, EMo-
Tive with only 5.61M learnable parameters (47.6% fewer
than ScaleFlow’s 10.7M baseline), achieves 40 ms infer-
ence speed over 100 ms event data on an NVIDIA A6000
GPU, representing 52.9% speed improvement.

4.3. Validation on the DSEC Dataset

To validate our method’s practical efficacy, we conduct 3D
motion and scene flow estimation on the DSEC dataset. Fol-
lowing the dataset split of [47], we train ERaft [14] from
scratch due to its unavailable official implementation. All
methods are evaluated under identical conditions.

3D Motion Estimation . As shown in Tab. 2, EMo-
Tive shows superior performance with 0.439px EPE (43.9%
improvement over TPCV), 0.742% {1 ratio (1.611% reduc-
tion), and 152.722 log-mid error (14.7% better than Expan-
sion). The spatial sparsity challenges methods like TPCV,
whose performance degrades by 33.1% in motion in depth
due to its spatial reliance.

Scene Flow Analysis. The scene flow evaluation in
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Model Input EPE3D¢ ACC‘OE,T
CamLiFlow [29] | RGB+PC 0.120 53.5%
RPEFlow [47] |RGB+PC+Ev| 0.104  60.5%
"Expansion [51] |~ Ev | 0480 43%
Scale++ [26] Ev 0.603 1.4%
EMoTive Ev 0.205 25.5%

Table 3. Quantitative evaluation of scene flow on DSEC datasets.
”PC” refers to the radar point cloud, and "Ev” refers to the event.
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Tab. 3 reveals that EMoTive surpasses monocular event-
based methods by 58%, achieves EPEsp = 0.205cm and
ACCy g5 = 25.5%. However, the multimodal fusion meth-
ods (CamliFlow/RPEFlow) maintain 41.5-49.3% advantage
due to privileged depth from Lidar [47]. Furthermore, the
scene flow projections in Fig. 7 demonstrate EMoTive’s ca-
pability to catch motion and structure in 3D.

4.4. Ablation Study

To systematically validate EMoTive’s architectural de-
sign, we conduct several ablation experiments on Car-
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3.118 138.585

L,

N S

Table 4. Impact of trajectory regularization on EMoTive.
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Figure 9. Visual comparison of motion estimation results (DSEC).
The left is optical flow and the right is motion in depth estimation.

laEvent3D’s challenging scenarios (e.g., rainy days, night
scenes, efc.). Four critical components are analyzed: tem-
poral resolution, trajectory degrees, control point number,
and constraint loss (L;). All variants are trained from
scratch with identical hyper-parameters.

Temporal Resolution Analysis. The temporal resolu-
tion in the Event Kymograph affects motion characteriza-
tion. As shown in Fig. 8, we observe that the performance
keeps improving with finer resolution as it better captures
motion. However, when beyond 120 bins, noise amplifi-
cation in temporal gradients degrades accuracy. Therefore,
the optimal time granularity is 120 bins / 100ms.

Trajectory degree. The curve degree p of event-guided
trajectories governs motion representation fidelity. As
shown in Fig. 8, we observe that 3rd-order is optimal, where
higher orders introduce overfitting in optical flow while
lower orders underfitting in motion in depth.

Control Point. The control point count IV, balances rep-
resentational capacity and over-smoothing risks. As quan-
tified in Fig. 8, the optimal N. = 5 achieves 3.118px EPE
(0.024px decrease from N, = 4) and 138.585 log-mid error
(1.6% improvement over N, = 6).

Trajectory Regularization. The temporal gradient con-
sistency constraint suppresses high-order distortions in tra-
jectory learning. Without this constraint, as visualized in
Tab. 4, trajectories exhibit undesirable curling due to un-
bounded higher-order derivatives. Quantitative results in
Tab. 4 reveal subtle but critical improvements, 0.03 error
decrease in EPE and 0.824 decrease in log-mid.
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Overlayed Image

Optical flow

Motion in Depth t=33ms

Figure 10. Visualization of trajectory estimated from EMoTive.
Optical flow and motion in depth are derived from the trajectory.

4.5. Result Visualization

To intuitively demonstrate the motion estimation perfor-
mance, we visualized the results on the DSEC dataset in
a nighttime scene, with comparative results in Fig. 9. Due
to dark noise, there is severe degradation in the event pro-
jections, which leads to suboptimal motion estimation from
the model only relying on spatial features. However, EMo-
Tive maintains sharp motion boundaries, yielding better
motion results. This robustness stems from event-guided
dual spatio-temporal features fusion and parametric repre-
sentation of trajectories, introducing motion knowledge on
the spatio-temporal process.

Furthermore, we visualized the trajectories estimated by
EMoTive in Fig. 10. The trajectories not only provide mo-
tion in depth but also allow querying of the motion at any
moment. Typical optical flow results assume that planar
motion remains first-order invariant, only capturing linear
motion. In contrast, the trajectory curves from EMoTive ex-
press high-order motion, better reflecting the heterogeneous
spatio-temporal changes.

5. Conclusion

This paper addresses the fundamental challenge of local
spatio-temporal inconsistent motion in 3D motion estima-
tion through a novel trajectory-centric framework. The pro-
posed EMoTive framework establishes temporal continuity
in motion representation by developing parametric curve
trajectories guided by events. The technical foundation is
built upon two pillars: 1) A fine-grained temporal projec-
tion, termed Event Kymograph, that leverages a continu-
ous temporal projection kernel while decoupling spatial ob-
servations, and 2) A non-uniform rational curve parameter-
ization framework that adaptively models trajectories un-
der event guidance. The introduced temporal gradient reg-
ularization further ensures the physical plausibility of the
learned trajectories without sacrificing representational ca-
pacity. Comprehensive evaluation on both synthetic and
real-world benchmarks demonstrates superior performance
in challenging scenarios. Future research will focus on
combining this paradigm with other sensors and exploring
its integration with predictive control systems.
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