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Abstract

Estimating the 3D motion of scene points from 2D observa-
tions, typically parameterized by optical flow and motion in
depth, is a fundamental problem in computer vision. Exist-
ing learning-based methods usually rely on supervised re-
gression from densely labeled data, but their dependence
on annotations and limited use of geometric constraints
restricts generalization, motivating unsupervised solutions.
Unsupervised 3D motion estimation is challenging because
motion along the viewing direction is unobservable, and op-
tical flow and motion in depth are geometrically coupled,
making their separation ambiguous. Event cameras cap-
ture per-pixel brightness changes asynchronously with mi-
crosecond latency, providing high temporal resolution and
motion continuity. Projecting event streams along different
axes reveals spatiotemporal expansion and contraction pat-
terns that encode depth variation and geometric structure,
offering rich cues for unsupervised estimation. Leveraging
these properties, we propose an unsupervised event-based
3D motion estimation framework that jointly models opti-
cal flow and motion in depth. We first derive an analytical
relationship to infer initial motion in depth from estimated
flow and further refine it using a directional expansion mod-
ulation module that captures horizontal and vertical expan-
sion–contraction patterns in event projections. Finally, mo-
tion in depth is incorporated into optical flow warping un-
der a contrast maximization objective. Experiments on the
CarlaEvent3D dataset show that our method achieves com-
petitive accuracy and strong generalization, advancing un-
supervised 3D motion estimation in the event domain.

1. Introduction
Visual 3D motion estimation aims to recover the motion of
scene points in 3D space from their 2D projections over
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Figure 1. (a) Event projections along different axes. X-t and y-t
projection reveal local expansion–contraction patterns that encode
depth variation and motion geometry, providing complementary
cues beyond x-y projection. (b) Motion decomposition into planar
displacement and depth-induced scaling. Event projections pro-
vide complementary cues that help disentangle these two compo-
nents, enabling more reliable estimation of motion in depth.

time, typically represented by optical flow on 2D plane and
motion in depth along the viewing direction [19, 23]. It
serves as a cornerstone for perception in applications such
as robotic navigation and autonomous driving, where reli-
able and precise modeling of dynamic scenes is essential to
spatial intelligence [1, 18].

Existing methods [19, 22, 23, 35] follow a super-
vised paradigm, directly regressing 3D motion fields from
densely labeled data. However, such models tend to rely
heavily on the distribution of annotated samples and do
not explicitly incorporate the geometric constraints that in-
herently govern motion. As a result, they often overfit to
dataset-specific motion patterns, leading to limited gener-
alization when encountering unseen environments. These
limitations motivate the development of unsupervised ap-
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proaches that leverage intrinsic geometric and structural
constraints, rather than depending solely on labeled data.

However, unsupervised 3D motion estimation faces two
key challenges. First, motion along the viewing direction
is unobservable, so estimating flow and motion in depth si-
multaneously requires strong priors that are unavailable in
an unsupervised setting. Second, optical flow and motion
in depth are coupled through projection geometry: each
pixel’s motion depends on 2D displacement and depth-
induced scaling, making their disentanglement from obser-
vations inherently ambiguous.

Despite these challenges, event cameras provide unique
advantages for unsupervised 3D motion estimation due to
their high-temporal-resolution measurements, which cap-
ture continuous scene dynamics. Leveraging this prop-
erty, projecting events along different axes indirectly re-
veals motion along the viewing direction in two comple-
mentary ways. First, the local expansion and contraction
of patterns encode relative depth changes, providing cues
for refining motion in depth. Second, the spatial distri-
bution and temporal evolution of patterns reveal geomet-
ric correlations between planar motion and depth-induced
scaling, offering signals to partially disentangle the two. As
illustrated in Fig. 1(a), projections onto the x-y, y-t, and
x-t planes expose spatial structure as well as fine-grained
temporal evolution, with line variations indicating local ex-
pansion–contraction dynamics. Building on these cues,
Fig. 1(b) summarizes how planar displacement and depth-
induced scaling jointly contribute to motion, and how event
projections help separate them for improved interpretation.

Motivated by these observations, this paper proposes
an unsupervised event-based 3D motion estimation frame-
work. We first derive the analytical relationship between
optical flow and Motion in Depth (MID), revealing their
scale dependency in the projection model and enabling an
initial MID estimate to be inferred from flow. A Direc-
tional Expansion Modulation (DEM) module then refines
this estimate by capturing horizontal and vertical expan-
sion–contraction patterns in the x-t and y-t event projec-
tions. In the learning objective, MID is explicitly incor-
porated into the flow-based warping process to account for
perspective scaling, where depth variations lead to near–far
size changes. Optical flow and MID are jointly optimized
under a contrast maximization framework, effectively re-
ducing ambiguity between planar and depth-wise motion.
By combining the estimated flow and MID to reconstruct
scene flow, the proposed approach achieves highly compet-
itive performance on the CarlaEvent3D dataset, demonstrat-
ing strong accuracy and generalization.

The contributions can be summarized as follows:
1. An unsupervised event-based 3D motion estimation

framework is proposed to jointly model optical flow and
motion in depth for complete scene motion representation.

2. A geometric analysis of the relationship between op-
tical flow and motion in depth is conducted, and a direc-
tional expansion modulation module is introduced to refine
motion in depth by capturing horizontal and vertical expan-
sion–contraction patterns in event projections.

3. Motion in depth is incorporated into the optical flow
warping process, explicitly modeling perspective scaling ef-
fects, and both optical flow and motion in depth are jointly
optimized under a contrast maximization framework, en-
abling robust unsupervised learning.

4. Extensive experiments demonstrate the competitive-
ness of the proposed approach, validating its effectiveness
and generalization in unsupervised 3D motion estimation.

2. Related Work

2.1. 3d Motion Estimation
Estimating the three-dimensional motion of scene points
from two-dimensional observations has long been a fun-
damental problem in computer vision [31, 32]. Classi-
cal approaches rely on multi-view geometry or depth sen-
sors to recover 3D motion fields [3, 36, 38]. More re-
cently, learning-based methods have been proposed to di-
rectly regress 3D scene flow from image sequences [20, 30].
A paradigm shift was introduced by [37], which formulated
normalized scene flow to represent 3D motion using opti-
cal flow and motion in depth jointly [19, 22, 23]. However,
these methods typically rely on dense supervision or high-
quality depth inputs, limiting their generalization to new en-
vironments.

To mitigate these issues, unsupervised approaches have
been developed that jointly estimate scene flow by en-
forcing photometric and geometric consistency [2, 16, 17].
Nevertheless, they still rely on synchronized stereo pairs
that require precise extrinsic calibration and remain vulner-
able to geometric distortions and projection ambiguities in-
herent in image-based representations.

2.2. Event-based Unsupervised Motion Estimation
The advent of event cameras, which capture per-pixel
brightness changes asynchronously with microsecond la-
tency, has opened new possibilities for motion estimation
[4, 9, 14, 21]. Early studies employed model-based ap-
proaches that relied on physical priors such as intensity con-
sistency and local motion smoothness [5, 15, 24]. Gallego
et al. [7] introduced the contrast maximization framework,
which formulates event alignment as an optimization prob-
lem over optical flow, eliminating the need for local single-
motion constraints and inspiring a series of subsequent un-
supervised optical flow estimation methods [11, 13, 27].
Learning-based methods have since emerged, such as EV-
FlowNet [39] and its extensions [12, 34, 40], which directly
regress dense optical flow using contrast-based losses.
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Figure 2. An overview of the event-based unsupervised 3D motion estimation framework. Event voxels are processed through a U-
Net–like architecture to predict optical flow, from which a coarse motion-in-depth (MID) is derived according to Eq. (7). The coarse MID
is then refined jointly with the event kymograph through the proposed DEM module. During the event warping process, the coordinate
displacement induced by optical flow is illustrated by the green block, while the coordinate shift resulting from depth-induced scale
variation is represented by the red block. The combined effect of these two components produces the Image of Warped Events (IWE),
which is optimized via a contrast maximization loss.

While event-based vision has seen significant progress
in motion estimation, including recent explorations into
joint depth and ego-motion recovery [29], comprehensive
3D motion estimation from sparse event streams remains a
formidable challenge. Our approach tackles this problem by
deriving an analytical relationship between optical flow and
motion in depth within the event domain, allowing the net-
work to exploit the temporal continuity and geometric con-
sistency of event patterns to infer and refine depth-related
motion in a fully unsupervised manner.

3. Method
Event-based 3D motion estimation aims to recover the 3D
motion (u, v, w) at each pixel from a sequence of events
ϵ = {xi, yi, ti, pi}Ni=1, where (u, v) denotes the 2D optical
flow and w represents the motion in depth (MID) along the
viewing direction. In this work, the event stream is first con-
verted into event voxels [39] and fed into a U-Net-like net-
work to obtain multi-scale optical flow. A preliminary MID
is then derived from the estimated flow and further refined
using a directional expansion modulation module together
with Event Kymograph [35] to capture depth-wise motion
patterns. In the loss design, depth-induced scale variations
are incorporated into coordinate warping and jointly con-
strained with a contrast maximization framework. The over-
all architecture is provided in Fig. 2.

The following sections first describe the event represen-
tation, then establish the relation between optical flow and

MID under a pinhole camera model, based on which the
network is designed to jointly estimate both. Finally, we
detail the loss functions used to supervise flow and MID.

3.1. Event Representation
To capture the underlying scene structure, the event stream
is aggregated into a voxelized representation on x–y plane
[6], forming V ∈ RB×H×W , where H and W denote the
sensor height and width, and B correspond to bins.

While preserving spatial information, voxelization in-
evitably compresses fine temporal dynamics. To retain tem-
poral precision, events are also projected onto the x–t and
y–t planes, yielding kymographs Kx ∈ RT×W and Ky ∈
RT×H [35], which decouple spatial dimensions while pro-
viding microsecond-level temporal resolution for detailed
observation of dynamic scene evolution.

3.2. Flow and MID Modeling
We derive the relationship between optical flow and motion
in depth in this section. Under the pinhole camera model, a
3D point (X,Y, Z) projects onto the 2D plane as::

x = f
X

Z
, y = f

Y

Z
. (1)

where f denotes the focal length. Assuming purely longitu-
dinal motion along the viewing direction, the instantaneous
optical flow satisfies:

u = −x
Ż

Z
, v = −y

Ż

Z
. (2)
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Letting α(x, y) = Ż
Z , the divergence of the optical flow field

becomes:

div(f) =
∂u

∂x
+

∂v

∂y
= −2α− (x∂xα+ y∂yα). (3)

In a local neighborhood where depth variations are small,
the spatial derivative term can be neglected, yielding:

Ż

Z
≈ −1

2
div(f) (4)

The above establishes a continuous relation between in-
stantaneous depth variation and optical flow divergence. To
extend this to a discrete temporal setting, we consider the
depth ratio between two consecutive time instants separated
by ∆t, denoted as the motion in depth τ :

τ =
Z(t+∆t)

Z(t)
. (5)

By applying a first-order Taylor expansion to Z(t + ∆t)
around t, the discrete ratio can be approximated as:

τ ≈ 1 +
Ż

Z
∆t. (6)

Substituting Eq. (4) yields a discrete approximation linking
motion in depth to optical flow divergence:

τ ≈ 1− 1

2
div(f)∆t. (7)

This provides a practical bridge between the continuous
motion field and its discrete observable counterpart, under
simplified assumptions of locally rigid scene patches and
dominant translational camera motion. These assumptions,
while useful for deriving the analytical link between optical
flow and depth variation, are later relaxed in our network
design to better handle real-world motion complexity.

3.3. Network architecture
The network takes a sequence of event voxels as input and
employs an encoder–decoder architecture with recurrent
units, similar in [12], to extract multi-scale optical flow. The
encoder captures hierarchical spatial features while preserv-
ing temporal memory across time, and the decoder fuses
hidden states with upsampled features for refined flow es-
timation. From the highest-resolution flow, a coarse mo-
tion in depth map τ̂ is derived using Eq. (7). In parallel, a
temporal encoder obtains motion cues Fwt, Fht from event
kymographs along the x-t and y-t planes.

To refine the coarse motion-in-depth (MID) estimates
and relax the simplified motion constraints in Eq. (7), we
propose the Directional Expansion Modulation (DEM)
module. DEM leverages both spatial and temporal cues to

adaptively enhance or suppress local MID responses, lead-
ing to more accurate and spatially coherent depth motion.

Specifically, DEM first extracts directional expansion
rates from the temporal event projections Fht and Fwt:

eh = tanh
(
Convh1D(Fht)

)
,

ew = tanh
(
Convw1D(Fwt)

)
,

(8)

where eh and ew are broadcast across spatial dimensions
and concatenated to form a dual-axis expansion prior E ∈
R2×H×W . A lightweight 2-D projection then embeds E
into the feature domain, producing an expansion-aware map
that modulates the contextual features Fc extracted by the
optical-flow encoder:

Fm = Fc ⊙ Conv2D(E). (9)

To propagate these directional cues beyond local neighbor-
hoods, the modulated features Fm are processed by a com-
pact self-attention block that aggregates long-range spa-
tial context. This attentive output is subsequently passed
through a set of dilated depthwise convolutions (DWConv)
with dilation factors {1, 2, 4}, enabling directional informa-
tion to be propagated across multiple spatial scales. The
multi-dilation outputs are then fused to produce a dense
MID residual map R, which captures both fine-grained and
extended expansion behaviors. This residual term is added
to the intermediate MID estimate τ̂ , derived from optical
flow via Eq. (7), producing the refined estimate τ̃ . Finally,
the MID prediction is linearly rescaled as:

τ = 0.75 τ̃ + 1.25. (10)

This rescaling adjusts the relative scale of local depth vari-
ations while maintaining numerical stability.

Through this refinement, the DEM combines contextual
cues from the optical-flow encoder with direction-aware ex-
pansion priors, yielding a compact and effective mechanism
for accurate, temporally consistent motion-in-depth estima-
tion under complex dynamic conditions.

3.4. Self-supervised Loss with MID
To connect motion in depth with 2D-space deformation, we
first consider how an object’s projected area changes as its
depth varies. From the pinhole camera model in Eq. (1), the
2D projected area A2d and the real-world surface area A3d

are related by:

A2d =

(
f

Z

)2

A3d, (11)

where Z denotes the object depth and f is the focal length.
Given two time instants with depths Z0 and Z1, the corre-
sponding 2D-space scale ratio can be expressed as

s =

√
A2d

1

A2d
0

=
Z0

Z1
=

1

MID
. (12)
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Figure 3. Illustration of depth-induced local expansion between
two time instants t0 and t1. Each patch center (xm, ym) remains
fixed, while events within the patch move outward as the scene
depth decreases, resulting in an apparent scale change s. The dis-
placement magnitude ∆l represents the depth-induced expansion
relative to the patch center when the event (xj , yj) is warped to t1.

This scale ratio s represents the apparent magnification of
local 2D regions due to depth variation.

Previous optical-flow-based formulations have incorpo-
rated such scale effects into the warping process by expand-
ing or contracting local patches when computing photomet-
ric consistency [37]. However, directly applying this idea
to event data is nontrivial. Unlike dense image grids, event
streams consist of asynchronously triggered points, making
it difficult to construct structured local patches. Moreover,
improperly forcing spatial expansion or contraction directly
on sparse events frequently triggers extreme geometric dis-
tortions and optimization degeneracies, widely known as
event collapse [26, 28]. To address this, we reformulate the
warping process at the event level.

In the contrast maximization framework, optical flow
f = {u, v} warps all events toward a reference time tr:(

xtr
i

ytri

)
=

(
xi

yi

)
+ (tr − ti)

(
u(xi, yi)

v(xi, yi)

)
, (13)

where (xi, yi, ti) are the original event coordinates, and
(xtr

i , ytri ) are their warped positions at the reference time.
After warping, all events are aggregated into an Image of
Warped Events (IWE), where each pixel accumulates the
timestamps of warped events falling within its spatial neigh-
borhood. A well-aligned motion field leads to a sharp and
high-contrast IWE, while misaligned motion produces tem-
poral blur. Thus, network training aims to maximize the
IWE contrast, encouraging events from the same physical
edge to align temporally and spatially.

To incorporate depth-induced scale changes, we partition
the 2D plane into non-overlapping patches. Given a global
scale factor s derived from the motion in depth estimation

according to Eq. (12), we introduce a time-dependent local
scaling for each event to model gradual expansion or con-
traction over time. Specifically, as shown in Fig. 3, events
within a local patch experience depth-induced scaling as the
scene moves from t0 to t1, with the patch center (xm, ym)
serving as a reference point. In practice, since events are
asynchronously triggered, the depth-related scale change
between t0 and t1 is linearly interpolated for each event ac-
cording to its timestamp:

λj =
t1 − tj
t1 − t0

, sj = 1 + λj(s− 1), (14)

ensuring a smooth, time-continuous deformation model.
Using this interpolated scale, the event’s displacement to-
ward t1 is given by:(

∆xt1
j

∆yt1j

)
=

(
(sj − 1)xj + (1− sj)xm

(sj − 1)yj + (1− sj)ym

)
, (15)

where
√
(∆xt1

j )2 + (∆yt1j )2 corresponds to the displace-
ment magnitude ∆l visualized in Fig. 3. By combining
Eqs. (12), (13) and (15), the final warping position of each
event is obtained by adding the depth-induced deformation
to the optical-flow-based displacement, enabling a unified
treatment of both translational and scale-varying motion. In
practice, both forward and backward warpings (toward the
end and initial time) are applied, resulting in slight nota-
tional differences but identical derivation logic.

Finally, the network is optimized under contrast-
maximization objective, which measures the per-pixel tem-
poral variance of warped timestamps, promoting tempo-
rally sharp and geometrically consistent IWE. A Charbon-
nier smoothness prior is additionally imposed to regularize
neighboring motion estimates and preserve local coherence.

4. Experiment
4.1. Implementation Details
The CarlaEvent3D dataset contains six weather conditions:
Sunset, HardRain, Foggy, Night, Noon, and Cloudy. Since
the contrast maximization framework assumes constant il-
lumination [7, 8, 25], where events are solely triggered by
motion rather than lighting variations, we train the network
exclusively on the Sunset sequences and evaluate it on all
six weather conditions in the test set.

During training, each event window contains fixed 6000
events, which are voxelized on the x–y plane with 10 tem-
poral bins. For the x–t and y–t projections, the temporal
resolution is set to 120. The network is implemented in
PyTorch and optimized using the Adam optimizer with an
learning rate of 1e−4. Gradient clipping is applied with a
global norm of 100, and the model is trained for 100 epochs
with a batch size of 4. Random horizontal, vertical, polarity
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Table 1. Comparison of supervised (SL) and unsupervised (USL) methods across different weather conditions for 3D motion estimation.
Our method achieves the best performance among unsupervised approaches and demonstrates strong generalization capability across
diverse weather scenarios.

Method
Sunset Noon Night

EPE↓ F1↓ log-mid↓ EPE↓ F1↓ log-mid↓ EPE↓ F1↓ log-mid↓

SL
E-RAFT [10] 2.022 17.164 - 3.160 23.977 - 2.356 20.229 -
ScaleFlow [19] 3.295 41.323 271.081 4.253 42.271 262.894 3.271 32.508 280.086
EMoTive [35] 1.852 19.223 106.938 2.846 24.594 147.086 2.008 20.023 104.734

USL
EV-FlowNet [39] 3.597 50.248 - 3.357 45.773 - 3.152 40.234 -
Expansion [37] 8.499 56.627 774.114 8.188 52.158 749.043 7.963 49.501 771.360
Ours 3.520 44.592 251.321 3.276 39.495 448.962 3.392 40.663 362.123

Method
Cloudy Foggy Rainy

EPE↓ F1↓ log-mid↓ EPE↓ F1↓ log-mid↓ EPE↓ F1↓ log-mid↓

SL
E-RAFT [10] 2.709 23.458 - 3.031 29.436 - 3.104 30.100 -
ScaleFlow [19] 3.711 44.098 278.209 5.943 43.855 264.882 6.615 45.278 251.929
EMoTive [35] 2.629 24.163 116.434 3.054 26.587 142.342 3.125 31.263 144.123

USL
EV-FlowNet [39] 2.925 39.052 - 3.427 38.858 - 3.340 39.932 -
Expansion [37] 8.583 59.856 769.685 7.655 47.022 740.813 8.149 57.436 720.142
Ours 2.833 34.832 244.841 3.269 38.254 333.544 3.239 37.001 426.262

flips and crops from 320 × 960 to 320 × 320 are used for
data augmentation. A backward update is performed every
five forward passes to stabilize training.

4.2. 3D Motion Estimation
Metrics. Evaluation follows the protocol of [35]. The Av-
erage End-Point Error (EPE) measures the pixel-wise dis-
placement error, while the F1-outlier ratio (F1) quantifies
the percentage of outlier pixels beyond a predefined thresh-
old. Since motion in depth values typically vary around
unity, a logarithmic error metric (log-mid) is adopted to em-
phasize relative rather than absolute deviations, providing a
more balanced evaluation of near–far motion changes.
Quantitative results. Table 1 summarizes the results on
the CarlaEvent3D dataset. All methods take event vox-
els as input for fair comparison across all evaluated set-
tings. Among unsupervised approaches, our method signif-
icantly outperforms the optical expansion baseline [37] on
all weather conditions, highlighting the benefit of enforcing
geometric consistency in the event domain. The optical ex-
pansion method estimates motion in depth via local affine
transformations between projections, which are unreliable
under asynchronous event sampling and complex motion.
In contrast, our formulation captures scale variation contin-
uously without explicit patch correspondences, producing
smoother depth motion. Compared with unsupervised opti-
cal flow networks such as EV-FlowNet [39], our approach
achieves lower EPE by explicitly modeling the coupling be-
tween planar and depth-wise motion.

While supervised methods achieve lower errors over-

all due to the use of ground-truth labels, our unsupervised
framework attains comparable accuracy even when trained
only on the Sunset sequence, demonstrating strong general-
ization across unseen scenes and illumination conditions.
Qualitative analysis. Section 10 presents qualitative
comparisons of 3D motion estimation results under two
weather conditions. The optical expansion baseline esti-
mates motion in depth by fitting local affine transforma-
tions between two temporal projections in the event domain.
However, due to the spatial sparsity of events, these local
correspondences are often ambiguous, leading to noisy and
distorted depth motion fields especially in low-texture re-
gions. In contrast, our method leverages the high temporal
resolution of events to disentangle planar and depth-wise
motion components within a unified framework that en-
forces geometric consistency. As a result, it yields smoother
and more accurate 3D motion predictions across diverse
conditions.

4.3. Scene Flow Estimation
Metrics. The models is evaluated using the Average
3D End-Point Error (EPE3D) and the Accuracy-at-10cm
(ACC0.1) metrics. EPE3D measures the average deviation
of the estimated 3D motion, reflecting the overall accuracy
of the model on a global scale. In contrast, ACC0.1 com-
putes the proportion of points whose 3D error is below 10
cm, thus emphasizing the model’s ability to recover fine-
grained local motion precisely.
Quantitative results. As shown in Tab. 2, Despite sim-
ilar EPE3D scores to the Optical Expansion baseline, our
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Events GT EMoTive (SL) [35] Expansion (USL) [37] Ours (USL)

(b) Cloudy

(a) Sunset

Figure 4. Visualization of 3D motion estimation under two weather conditions. For each sample, the leftmost column shows the event
voxel, the first row illustrates the optical flow, and the second row presents the motion in depth. Both SL and USL methods are included
for completeness. While the SL model produces cleaner motion fields owing to direct supervision, our unsupervised approach achieves
visually consistent coherent results without using ground-truth labels, and maintains robustness across diverse illumination conditions.

Table 2. Scene flow estimation results under different weather conditions. Scene flow estimation results under different weather conditions.
Our method achieves notably better performance than other unsupervised approach on the ACC0.1 metric.

Method
Sunset Noon Night

EPE3D↓ Acc0.1 ↑ EPE3D↓ Acc0.1 ↑ EPE3D↓ Acc0.1 ↑

SL EMoTive 0.176 43.8% 0.200 41.0% 0.186 42.9%

USL
Expansion 0.812 2.3% 1.057 3.2% 1.690 1.4%
Ours 1.062 12.7% 1.081 13.2% 1.130 13.2%

Method
Cloudy Foggy Rainy

EPE3D ↓ Acc0.1 ↑ EPE3D ↓ Acc0.1 ↑ EPE3D ↓ Acc0.1 ↑

SL EMoTive 0.182 41.6% 0.208 37.6% 0.222 37.1%

USL
Expansion 0.793 3.1% 1.024 2.2% 1.272 2.4%
Ours 1.084 13.5% 1.089 12.8% 1.058 14.3%

method attains a 6–7× improvement in ACC0.1, reflecting
a tighter and more consistent error distribution. This im-
provement stems from the proposed DEM, which refines
motion in depth estimation by adapting the observation di-
rection of event streams.
Qualitative analysis. Figure 5 shows results on two se-
quences under different weather conditions. Red points
denote the previous scene, while blue points represent the
warped scene obtained from the predicted scene flow, with
darker colors indicating larger depths. The Optical Expan-

sion method, constrained by its local affine formulation and
the irregular timing of event samples, produces clearly di-
vergent warped points, causing the underlying 3D struc-
ture to break down—most noticeably around the building
facades. In contrast, our approach enforces temporally co-
herent geometric constraints at the event level, yielding sta-
ble and consistent warped geometry that better preserves the
scene structure.
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GT EMoTive [35]Expansion [37] Ours

(b) Night

(a) Rainy

Figure 5. Scene flow visualization. Red points denote the initial
scene, while blue points indicate the scene after scene flow warp-
ing. Darker colors correspond to greater depth.

4.4. Ablation Study
To validate the rationality of our architectural design, we
conduct ablation studies on the key components of our
pipeline, namely the theoretical derivation from optical flow
to motion in depth and the DEM module.
From optical flow to motion in depth. Figure 6 shows
the motion in depth derived from Eq. (7). Compared with
the ground truth on the right, the errors primarily occur
in near-range ground regions and along object boundaries.
Near-range ground regions exhibit the largest depth gra-
dients due to perspective projection: although the ground
plane itself is flat, its depth changes rapidly with image-
space displacement near the bottom of the image, mak-
ing the neglected spatial-derivative term non-negligible in
Eq. (3). Depth also changes sharply at object boundaries,
leading to the same effect and resulting in additional errors.
DEM module. DEM refines the motion in depth inferred
from optical flow by altering the observation direction of
events. Figure 7 illustrates the results after removing DEM,
where the predicted MID becomes noticeably discontinu-
ous. Figure 7 presents the corresponding quantitative re-
sults. The reduced MID accuracy further affects the in-
tegrated coordinate warping based on depth-motion and
optical-flow cues, which in turn causes a slight degradation
in the final optical-flow accuracy.

4.5. Limitations
Similar to previous unsupervised contrast-maximization
frameworks, our method relies on the brightness-constancy
assumption, which causes the model to struggle when
events are triggered not by motion but instead by illumi-
nation changes. This limitation results in degraded per-
formance under noon and rainy conditions, as shown in
Tab. 1. In the former, the sun frequently enters the camera’s
field of view, and in the latter, reflections from accumulated
water on the ground as well as raindrops introduce addi-

Flow->MID MID GT

Figure 6. Visualization of motion in depth derived from Eq. (7).

Method EPE log-mid

✘ 3.38 644.56
✔ 3.29 364.01

w/o DEM w/ DEM

Figure 7. Effect of the DEM module. Left: performance averages
across different weathers. Right: motion in depth visualization.

tional flickering events, both of which lead to illumination-
induced noise that the model cannot reliably suppress.

Because the near-ground region in front of the vehi-
cle contains very little texture, only a few of events are
triggered and thus provide insufficient motion cues. This
causes event-by-event optimization methods to produce in-
accurate 3D motion estimates, which further propagate to
the subsequent scene flow reconstruction. As shown in
Fig. 5(a), points close to the camera (i.e., near the bottom
of the image) exhibit noticeably larger positional errors, re-
flecting the adverse impact of sparse event observations

5. Conclusion
We introduce an unsupervised event-based framework for
estimating 3D motion by jointly modeling optical flow and
motion in depth. Building on the geometric relationship
we derive between optical flow and depth-wise motion,
our method obtains an initial MID estimate directly from
flow and further refines it using a Directional Expansion
Modulation module that leverages expansion–contraction
patterns in event projections. Incorporating MID into the
flow-warping process reduces ambiguity between planar
and depth-induced motion under a contrast maximization
objective. Experiments on CarlaEvent3D demonstrate com-
petitive accuracy and strong generalization, underscoring
the effectiveness of event-based sensing for unsupervised
3D motion estimation and highlighting the advantages of
jointly reasoning over flow and motion in depth.
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