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Abstract

3D object detection is essential for autonomous systems,
enabling precise localization and dimension estimation.
While LiDAR and RGB cameras are widely used, their fixed
frame rates create perception gaps in high-speed scenar-
ios. Event cameras, with their asynchronous nature and
high temporal resolution, offer a solution by capturing mo-
tion continuously. The recent approach, which integrates
event cameras with conventional sensors for continuous-
time detection, struggles in fast-motion scenarios due to its
dependency on synchronized sensors. We propose a novel
stereo 3D object detection framework that relies solely on
event cameras, eliminating the need for conventional 3D
sensors. To compensate for the lack of semantic and geo-
metric information in event data, we introduce a dual filter
mechanism that extracts both. Additionally, we enhance re-
gression by aligning bounding boxes with object-centric in-
formation. Experiments show that our method outperforms
prior approaches in dynamic environments, demonstrat-
ing the potential of event cameras for robust, continuous-
time 3D perception. The code is available at https:
//github.com/mickeykang16/Ev-Stereo3D.

1. Introduction
3D object detection is essential for accurately identifying

the position and dimensions of surrounding objects, mak-

ing it a fundamental task in autonomous systems. Multi-

modal sensors, such as LiDAR and RGB cameras, play a

key role. However, fixed-frame rate sensors have discrete

intervals during which data cannot be collected, resulting

in inevitable detection delays. This delay in capturing dy-

namic changes can significantly impact real-time decision-

making, emphasizing the importance of high temporal res-

olution for reliable autonomous driving.

Event cameras [27] are asynchronous sensors that con-

tinuously stream data over time, allowing them to break the

trade-off between bandwidth and delay. Their high tem-
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Figure 1. During blind time, our method enables fast and large

motion-aware continuous 3D object detection at arbitrary points

in time, including for newly appearing objects.

poral resolution makes them well-suited for capturing fast

motion, enabling high-speed perception even in dynamic

scenarios. This capability is particularly beneficial for au-

tonomous driving, where rapid response is critical for acci-

dent prevention and safe navigation.

A recent work, Ev-3DOD [22], integrates an RGB cam-

era, LiDAR, and an event camera to overcome the frame-

rate limitations of conventional sensors in 3D object detec-

tion. By incorporating event data, it enables perception even

during periods when LiDAR and RGB cameras are unavail-

able. Notably, it introduces continuous-time 3D object de-

tection, allowing inference at arbitrary timestamps before

the next synchronized sensor data arrives. Continuous-time

3D object detection enables accurate inference beyond the

timeframes when synchronized sensors, such as RGB and

LiDAR, provide data. Ev-3DOD [22] defined periods with

LiDAR and RGB data as active time and intervals without

them as blind time, demonstrating that event cameras can

facilitate 3D detection during these blind periods.

However, approaches that temporally propagate LiDAR-
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and image-based detection with events are highly dependent

on synchronized sensors introducing limitations in dynamic

environments. For example, in scenarios like drones with

rapid motion during adjacent active times, or high-speed

driving causing significant movement during blind periods,

fixed frame-rate sensor data does not fully reflect the cur-

rent 3D geometry. As a result, errors are accumulated over

blind time, leading to frequent detection failures.

To this end, we propose an event stereo setup that per-

forms precise 3D object detection using only spare and

asynchronous event cameras to address the limitations of

conventional sensors. As shown in Fig. 1, event stereo can

compute 3D information even during blind time, enabling

the detection of large-moving and newly appearing objects,

which are scenarios that synchronized sensors cannot han-

dle in blind time.

One of the challenges when using only event data for 3D

object detection is its sparse nature. Event data lacks both

semantic and geometric information compared to images

and LiDAR, making accurate classification and regression

particularly difficult. To overcome this, we propose a dual

semantic-geometric filter module that collaboratively fil-

ters and enhances both information, fully leveraging stereo

event data. The event semantic feature filters the geometric

depth feature while the geometric feature simultaneously

enhances the semantic information through the estimated

disparity. Additionally, following the global detection head,

a dense, object-centric semantic event feature is employed

to align the local 3D offsets of the bounding boxes, thereby

enhancing regression performance. Our proposed method

achieves comparable performance in continuous-time 3D

object detection without relying on rich fixed frame-rate

sensor data. Specifically, through experiments in which

the scene undergoes significant changes due to large motion

within the same duration, as well as tests involving various

intervals for inference, our approach outperforms existing

methods. This result can be attributed to the use of asyn-

chronous sensors, which offer distinct advantages in han-

dling dynamic scenarios while fully utilizing both semantic

and geometric information of events. The paper highlights

the potential and scalability of event cameras to enhance 3D

object detection in various environments.

2. Related Works
Camera-based 3D Object Detection. Cameras offer sig-

nificant cost advantages over LiDAR, leading many re-

searchers to focus on developing methods for 3D object de-

tection using image-only inputs [15, 39, 43, 56, 59, 61, 64,

84, 87, 88]. However, image-based 3D detection faces chal-

lenges due to the lack of direct depth information. To ad-

dress this, several works [11, 12, 34, 48, 60] propose using

stereo and multi-camera systems to compute 3D geometry

through multiple views. Despite these advancements, accu-

rately estimating depth from images remains challenging,

causing image-based methods to underperform compared

to LiDAR-based approaches.

LiDAR-based 3D Object Detection. LiDAR-based 3D ob-

ject detection can reliably estimate 3D bounding boxes us-

ing point clouds captured from LiDAR sensors. Research

on representing 3D information from LiDAR has been con-

ducted through various approaches, including point-based

methods [25, 38, 80, 82, 95, 98, 104], voxel-based meth-

ods [24, 33, 37, 37, 45, 51, 65, 79, 89, 92, 100], and point-

voxel fusion networks [36, 66, 81, 94]. To further boost the

performance of LiDAR-based 3D detection, multi-modal

sensor fusion [9, 40, 41, 49, 50, 58, 83, 90, 99] has emerged,

where different sensors, such as cameras and LiDAR, com-

plement each other. Fusion approaches are categorized into

early [16, 85, 93], middle [53–55, 57, 62, 74, 76, 96], and

late fusion [2, 49, 69]. Multi-modal 3D object detection

has garnered significant attention for its ability to improve

accuracy and enhance performance compared to unimodal

methods. However, there is still room for improvement in

terms of safety in autonomous driving. LiDAR and cam-

eras have limited time resolution (i.e., 10-20 Hz) because of

their relatively high bandwidths. These limitations are es-

pecially noticeable in scenarios like high-speed driving or

drone flight. To improve safety, algorithms that can operate

at higher speeds are crucial.

Event-based Stereo. Event cameras are well-suited for

capturing dynamic scenes due to their high temporal resolu-

tion, low latency, and ability to operate effectively in chal-

lenging lighting conditions. Based on these characteristics,

approaches using event cameras in a stereo setup [1, 19–

21, 67, 68, 102, 105, 107] have been proposed to better un-

derstand the surrounding 3D dynamic scenes. Additionally,

research has explored using event cameras in a stereo setup

alongside other sensors [3, 10, 17, 18, 63, 103], aiming to

leverage the strengths of both event data and conventional

sensors to enhance perception capabilities. Building on this

research direction, we demonstrate that 3D object detection

can be performed using only asynchronous event cameras.

Furthermore, we highlight the potential of event cameras

for 3D detection in dynamic and rapid motion scenarios.

Event-based Object Detection. On the 2D image plane,

numerous studies [6, 28, 30, 35, 42, 46, 47, 52, 70, 71,

73, 86, 108] have leveraged the event camera’s sensitivity

to moving objects for object detection. Various architec-

tures, including graph-based [5, 29, 77], spiking [97], and

sparse [72] neural networks, have been explored to achieve

streamlined and compelling results tailored to specific ob-

jectives. A recent study [22] demonstrated the advantages

of high temporal resolution of event cameras in 3D object

detection by integrating them with LiDAR and RGB cam-

eras. This study addressed the limitation of synchronized

sensors, such as RGB cameras and LiDAR, which operate
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Figure 2. Overview of the proposed method. Our method is categorized into four components: Geometric Plane-Sweep Volume (Sec. 3.2),

Dual Semantic-Geometric Filter (Sec. 3.3), Global 3D Detector (Sec. 3.4), and Object-Centric ROI Alignment (Sec. 3.5).

at fixed frame rates and restrict inference to discrete time

intervals. By integrating event cameras, the proposed ap-

proach overcomes this constraint, enabling continuous 3D

detection even in the absence of synchronized sensor input.

Despite these promising results, the approach remains

partially dependent on synchronization, as critical informa-

tion is solely derived from RGB and LiDAR. Consequently,

significant errors may occur when rapid motion leads to

substantial scene changes during blind time. To address

this limitation, we propose the first fully asynchronous sys-

tem for 3D object detection, utilizing a stereo event camera

setup. Thanks to this asynchronous advantage, our method

maintains strong performance even when the scene under-

goes significant changes during the blind time or when in-

ference is required at a finer continuous-time scale.

3. Methods
3.1. Preliminaries
Event Camera. Traditional frame-based cameras capture

images at fixed intervals, whereas event cameras operate

asynchronously, recording changes in logarithmic intensity

L(u, v, t) only when they exceed a predefined threshold C.

This can be expressed as:

L(u, v, t)− L(u, v, t−Δt) ≥ pC, p ∈ {−1,+1}, (1)

where Δt represents the time difference, and p denotes

event polarity, indicating either negative or positive events.

The event stream E consists of events ei with spatial coor-

dinates (ui, vi), timestamp ti, and polarity pi:

E = {ei}Ni=1, ei = (ui, vi, ti, pi). (2)

Event Representation. We adopt a voxel grid [106] repre-

sentation, where events are discretized along the time axis

into B bins. Given N input events, timestamps are normal-

ized to [0, B − 1], and the event volume is constructed as:

E(u, v, b) =

N∑
i=1

pikB(u−ui)kB(v−vi)kB(b−b∗i ), (3)

where b∗i = (B − 1)(ti − t1)/(tN − t1) and kB(a) is a

bilinear sampling kernel. The voxel grid allows efficient

feature extraction via 2D convolution across spatial dimen-

sions while conserving temporal information.

We use the event stream from the recent interval Δτ , de-

noted as E(τ−Δτ)→τ = {(u, v, t, p) | τ −Δτ ≤ t < τ} , to

detect 3D boxes at time τ . To achieve the continuous-time

detection framework, Δτ can adapt flexibly to different sce-

narios. This enables detection at arbitrary time points, mak-

ing the framework adaptable to various situations. To sim-

plify notation in this section, we represent the voxel grids

generated from E(τ−Δτ)→τ as EL and ER for the left and

right cameras, respectively.

3.2. Geometric Plane-Sweep Volume
We illustrate the overall training pipeline in Fig. 2. We mod-

ify the PSMNet [7] to design our feature extractor and incor-

porated an additional feature head to disentangle the roles

of semantics-based detection and geometric scene construc-

tion. This allows the extractor to separately extract seman-

tic features F sem
L,R and geometric features F geo

L,R, each with

a dimension of RH×W×C . The semantic feature activates

well on objects through an auxiliary 2D dense head on the

2D image. The geometric feature activates across the entire

scene on the stereo images, concentrating on finding cor-

respondences. First, we generate a geometric plane-sweep

volume Vgeo ∈ R
H×W×D×C by concatenating left and cor-

responding right geometric features at each depth level D,

as done in previous works [11, 34]. The volume is defined

as:

Vgeo(u, v, w) = (F geo
L (u, v)||F geo

R (u− fL

d(w)
, v)), (4)
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Figure 3. Dual semantic-geometric filter. Semantic and geometric

information interact complementarily to enhance both the seman-

tic features and the depth volume.

where (u, v) are pixel coordinates, || denotes the concate-

nation, w = 0, 1, . . . is the candidate depth index, and

d(w) = w · vd + zmin is the function to calculate the corre-

sponding depth, where vd is the depth interval and zmin is the

minimum depth of the detection area. f and L represent the

camera focal length and the baseline of the stereo camera

pair, respectively. From the geometric stereo volume Vgeo,

we apply 3D convolutions to reduce the channel dimension,

followed by a softmax operation along the depth dimension,

resulting in a depth probability volume Pgeo ∈ R
H×W×D,

where Pgeo(u, v, :) represents the depth probability for pixel

(u, v) across all depth levels.

To transform the feature volume from stereo space to a

3D space, the 3D detection area is segmented into uniformly

sized voxels, resulting in V3D
geo ∈ R

X×Y×Z×C . For each

voxel, its center coordinates (x, y, z) are projected back into

the stereo space using the intrinsic parameters K, resulting

in the reprojected pixel coordinates (u, v) and a correspond-

ing depth index d−1(z) = (z − zmin)/vd as:

V3D
geo(x, y, z) = Vgeo(u, v, d

−1(z)). (5)

3.3. Dual Semantic-Geometric Filter
Along with the geometric volume, we leverage the event

camera’s robustness in detecting objects on the 2D plane by

using semantic features to construct a 3D semantic volume

V3D
sem ∈ R

X×Y×Z×C . Creating a 3D volume with only

semantic features fails to capture geometric properties. To

address this, we propose a dual semantic-geometric filter

that combines both semantic and geometric information, as

shown in Figure 3.

Semantic-guided Depth Refinement. One of the key chal-

lenges in 3D detection using stereo cameras is achieving

accurate depth inference. Unlike LiDAR, stereo cameras

do not provide direct depth measurements from the sensor.

To enhance depth accuracy, we utilize semantic information

to refine the geometric cost volume. As shown in Fig. 3,

we first estimate the initial depth Dinit by computing the

weighted sum over all depth levels using the depth proba-

bility volume Pgeo. Additionally, to refine the depth distri-

bution volume by transferring accuracy through the seman-

tic feature, which effectively captures semantic information

about the scene, we compute the similarity for each pixel

based on the predicted depth as:

S(u, v) = 〈F sem
L (u, v), F sem

R (u− fL

Dinit(u, v)
, v)〉, (6)

where 〈·, ·〉 denotes the inner product for similarity. Similar

to previous works [8, 75, 78, 91] that handle confidence in

stereo matching, we also compute confidence as follows:

C(u, v) =
∑
w

Pgeo(u, v, w)·
(
d(w)−Dinit(u, v)

)2
, (7)

We aim to refine the depth distribution by considering both

stereo similarity and confidence. Adapting the refinement

process from [91], we generate filtered volume, P̃geo, by

incorporating neighboring probabilities as follows:

Wm(u, v) = Sm(u, v) · sigmoid (Cm(u, v)) ,

P̃geo(u, v, w) =

M∑
m=1

Pgeo(u, v, w) · softmaxm(Wm(u, v)),

(8)

where m = 1, 2, 3, . . . ,M are the sampled neighboring pix-

els and softmaxm denotes a softmax across the m dimen-

sion. Through this refinement process, depth ambiguity can

be resolved, and we estimate the refined depth, D̃, from the

refined probability.

Geometric-filtered Semantic Volume. Although semantic

features are well activated for objects, event data is sparse

along the spatial dimension, often leading to ambiguity. To

compensate for this lack of information, we enhance the left

features using the estimated depth and the semantic features

from the right camera. As shown in the bottom of Fig. 3,

we warp the right semantic features to the left camera us-

ing the estimated depth: F̂ sem
R = Warp(F sem

R , D̃). How-

ever, directly using these warped features may introduce oc-

clusion issues and fail to fully address potential misalign-

ments between stereo cameras. To handle these challenges,

we apply a transformer-based channel attention mechanism

to generate enhanced semantic features. We generate the

query, key, and value features as follows: Q = WQ(F
sem
L ),

K = WK(F̂ sem
R ), and V = WV (F̂

sem
R ), where W(·) rep-

resents a 1 × 1 convolution. The results of the transformer

are computed in this manner:

A(F sem
L , F̂ sem

R ) = F sem
L +WA(softmax

(
QKT

α

)
·V)

(9)

where α is a learnable parameter. Finally, the geometrically

enhanced semantic feature F̃ sem
L is obtained:

F̃ sem
L = F sem

L +MLP(A) + A. (10)
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Similar to Eq. (5), voxels can be projected onto the image

plane to map 2D semantic features to 3D. However, to en-

sure the transformation is based on geometric information,

we apply a depth probability mask as:

V3D
sem(x, y, z) = F̃ sem

L (u, v) · P̃geo(u, v, d
−1(z)) (11)

Fusion of Semantic and Geometric Voxels. We generate

two types of voxels in the 3D space: one specialized for

geometric information, V3D
geo, and the other for semantic in-

formation, V3D
sem. To integrate the two voxels into a unified

3D voxel that effectively combines both aspects, we con-

catenated and then merged them through 3D convolution,

resulting in the fused voxel, V3D.

3.4. Global 3D Detector
Inspired by recent stereo 3D detection approaches [11, 12,

34], we designed an anchor-based detector. The bird’s-

eye view (BEV) feature strikes a balance between accu-

racy and computational efficiency in 3D detection for au-

tonomous driving. The unified 3D voxel features V3D ∈
R

X×Y×Z×C are downsampled along the height dimension

to produce a BEV feature of size (X,Z). We utilize fixed-

size class anchors, determined based on the training set

statistics, and assign a predefined number of anchors with

varying sizes and orientations to each BEV feature loca-

tion (x, z). Similar to previous works [11, 12, 34], the

dense head network performs a regression from the an-

chor A = (xa, ya, za, ha, wa, la, θa) to predict the offset

ΔPG = (δx, δy, δz, δh, δw, δl, δθ). The final prediction is

calculated by applying an offset to the anchor to determine

the global position using the box decoding function gd,

PG = gd(A,ΔPG) = (xa + δx, ya + δy, za + δz,

hae
δh, wae

δw, lae
δl, θa +

π

2
tanh(δθ)).

(12)

3.5. Object-Centric ROI Alignment
The geometric-semantic fused 3D voxels, V3D, generated

through the semantic-geometric dual filter contain accurate

depth and rich semantic information, enabling bounding

box prediction in the global scene. However, a single-stage

global regression can struggle with ambiguity caused by the

motion of objects and the movement of the ego vehicle, es-

pecially as motion intensifies, necessitating a method that

aligns more accurately with the object. To this end, we

propose a method for locally aligning the ROI around the

object’s bounding box.

ROI Pooling and Local Regression. As shown in Fig. 4,

we use the semantic voxel, V3D
sem, which focuses on the ob-

ject and provides rich edge information from event-based

semantic data, making it advantageous for ROI alignment.

To optimize the computation of alignment, and because

most stereo-based detections are prone to error along the

X and Z dimensions, we project the voxel features onto the

BEV, which corresponds to the transformation of B2D
sem ∈

R
X×Z×C′

to the BEV of V3D
sem, rather than using them di-

rectly. Since B2D
sem is splatted based on depth probabilities,

it tends to cluster around the high-likelihood hypotheses of

the predicted boxes. Therefore, to ensure that not only the

exactly overlapping features but also the surrounding infor-

mation is aggregated during alignment, we use a pooling

scheme. Specifically, each bounding box prediction from

global 3D detector, PG, is split into an k × k voxel grid.

The semantic BEV feature, B2D
sem, is then pooled [23] for

each voxel grid. The pooled feature of each bounding box,

B̂2D
sem ∈ R

k2×C′
, encodes object-centric local information,

serving as a cue for precisely aligning the box. Each pooled

feature passes through an MLP layer to predict the local

alignment offset, ΔPL = (δx′, δy′, δz′, δh′, δw′, δl′, δθ′).
The final fine-grained regression, P̃G, is calculated by box

decoding function: P̃G = gd(PG,ΔPL)

3.6. Objective Function
A multi-task loss was applied to train the network, which

includes the geometric plane-sweep volume, the dual

semantic-geometric branch, the global 3D detector head,

and object-centric ROI alignment module as follows:

L = Linit
depth+Lrefine

depth +L2D+Lcls+Lglobal
reg +Llocal

reg . (13)

where Linit
depth,L2D,Lcls are adapted from uni-modal depth

loss, 2D detection loss, and classification loss in [34]. For

refined depth loss, we utilized smooth L1 loss [44] as

Lrefine
depth = smoothL1

(Dgt − D̃). (14)

The regression loss for the global 3D detector and object-

centric ROI alignment are as follows:

Lglobal
reg = Lreg(PG, G), Llocal

reg = Lreg(P̃G, G) (15)

where G refers to 3D ground-truth bounding box and Lreg

is 3D regression loss adapted from [34].

6873



Table 1. Comparison on the DSEC-3DOD dataset for vehicle (IoU = 0.7) and pedestrian (IoU = 0.5) detection on 3D and BEV. We follow

the evaluation protocol of Ev-3DOD [22] for 100 FPS 3D detection in blind time. Mod. is an abbreviation for moderate, and easy and

moderate represent difficulty levels. VEH and PED represent vehicle and pedestrian, respectively.

Modality Methods
VEH AP3D VEH APBEV PED AP3D PED APBEV

Easy Mod. Easy Mod. Easy Mod. Easy Mod.

LiDAR
VoxelNeXt [14] 12.66 11.06 31.46 28.39 10.59 6.61 12.77 7.96

HEDNet [101] 14.31 12.96 29.94 27.85 10.16 8.29 11.90 6.89

LiDAR+RGB
Focals Conv [13] 12.71 11.69 26.14 23.83 8.92 5.50 12.54 7.83

LoGoNet [49] 17.65 15.39 32.55 29.19 11.66 8.20 15.09 9.77

LiDAR+RGB+Event Ev-3DOD [22] 29.53 25.07 49.31 44.44 18.42 12.49 29.06 20.34

RGB-Stereo
DSGN [11] 16.29 13.45 31.90 27.53 4.06 2.42 6.08 3.74

LIGA [34] 14.26 10.98 27.25 25.11 6.02 3.58 8.73 4.89

Event-Stereo Ours 23.47 19.62 40.13 33.03 19.86 12.93 22.91 14.34

4. Experiments
4.1. Dataset
DSEC-3DOD Dataset. The DSEC-3DOD dataset is the

real-world event-based 3D detection dataset introduced in

the Ev-3DOD [22]. It is based on the DSEC [31], a stereo

event dataset for driving scenarios. DSEC-3DOD contains

manually created 10 FPS annotations for vehicle and pedes-

trian classes and provides blind-time annotations at 100 FPS

through interpolation and refinement. We used the widely

adopted KITTI metric [32] from frame-based stereo meth-

ods, which measures performance in both BEV (bird-eye-

view) and 3D for each class.

4.2. Experiment Setup
3D Detection during Blind Time. Consistent with the

training and evaluation protocol of existing event-based

3D object detection [22], we train and evaluate using 100

FPS annotations during blind time, when no LiDAR data

is available due to the fixed frame rate of LiDAR (i.e., 10

FPS). To achieve this, we sliced the event stream at Δτ =
10 ms and converted it into a voxel grid.

Motion Scale and Time Slice. The strength of event cam-

eras lies in their ability to provide continuous information

over time, even in dynamic motion [4, 26]. Therefore, ex-

periments on dynamic and long-range motion during blind

time are crucial to demonstrate the advantages of the asyn-

chronous setup. However, the DSEC-3DOD dataset mostly

lacks such scenes, as its average ego velocity is below 10

m/s. To address this, we introduce an experimental setup,

motion scale (MS), which scales time axis for large motion

experiments that closely resemble the real world. Accumu-

lation and normalization of events over a longer period can

approximate events with larger motion over the same time

span. Therefore, increasing the motion scale in experiments

can depict dynamic environments by skipping consecutive

annotations and accumulating events over a longer period.

Time slice (TS) refers to the number of divisions applied

G
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Figure 5. Comparison of 3D detection during blind time. t = 0
and t = 1 represent active time, while t = 0.3, 0.6, and 0.9 indicate

normalized blind time intervals.

to the blind time, where detection performance is evaluated

at each time slice instance. Since various event input du-

rations are used, this setup reflects the real-world demand

for asynchronous detection. The baseline setup is defined

with a motion scale of 1 and a time slice of 10, which corre-

sponds to the 10 FPS fixed-frame rate data provided in the

DSEC-3DOD dataset and the blind time annotations sliced

into 10 parts (i.e., 100 FPS GT). To ensure compatibility

with the original ground truth, experiments were conducted

with motion scale values of 2 and 4 and time slice values

of 10 and 20. The model is trained using the original 100

FPS GT with a motion scale of 1 and a time slice of 10 and

is evaluated across various motion scales and time slices.

More details about the experimental settings are provided

in the supplementary material.

4.3. Results on 3D Detection during Blind Time
Table 1 provides the results of 3D detection performed dur-

ing blind time. Results from previous works [13, 14, 49,
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Table 2. Performance evaluation across various motion scales and time slices, presenting results for the easy difficulty level. Each entry

corresponds to 3D / BEV detection results. VEH and PED represent vehicle and pedestrian, respectively.

Motion Time
Class

LiDAR LIDAR+RGB LiDAR+RGB+Event RGB Stereo Event Stereo

Scale Slice VoxelNeXt [14] HEDNet [101] Focals Conv [13] LoGoNet [49] Ev-3DOD [22] DSGN [11] LIGA [34] Ours

×2

×10
VEH 5.05 / 13.00 6.03 / 12.87 5.95 / 12.48 5.97 / 13.57 15.68 / 30.59 7.33 / 17.36 6.00 / 12.87 22.72 / 39.81
PED 4.07 / 4.89 3.40 / 4.05 3.16 / 4.79 2.24 / 3.72 7.88 / 12.19 1.87 / 3.04 2.27 / 4.00 19.04 / 22.71

×20
VEH 4.34 / 11.76 5.26 / 11.67 5.76 / 11.40 5.42 / 12.40 15.96 / 31.13 7.13 / 16.43 5.67 / 12.00 23.47 / 40.13
PED 3.83 / 4.31 2.60 / 3.49 2.66 / 3.86 1.91 / 2.90 1.47 / 2.63 1.84 / 2.99 2.08 / 3.01 19.86 / 22.91

×4

×10
VEH 2.05 / 5.22 2.87 / 4.63 2.73 / 4.48 1.90 / 5.26 6.24 / 11.62 3.12 / 7.20 2.10 / 4.89 20.70 / 37.08
PED 2.21 / 2.44 1.64 / 1.85 1.34 / 1.85 1.17 / 1.55 3.04 / 4.09 0.60 / 0.77 1.11 / 1.30 16.71 / 21.93

×20
VEH 1.71 / 4.55 2.27 / 4.29 2.73 / 3.94 1.90 / 4.66 6.36 / 11.70 3.09 / 6.52 1.54 / 4.17 22.72 / 39.81
PED 2.14 / 2.17 1.10 / 1.42 1.02 / 1.44 0.53 / 1.28 0.39 / 0.43 0.59 / 0.75 0.82 / 1.12 19.04 / 22.71

101] were taken from the supplementary material of Ev-

3DOD [22], while we trained and evaluated frame-based

stereo methods, DSGN [11] and LIGA [34], from scratch.

Methods relying solely on synchronized sensors struggle

to handle blind time, resulting in poor performance. On

the other hand, both Ev-3DOD and our method utilize

event cameras to overcome the limitations of fixed frame

rates, enabling effective 3D detection during blind time

and achieving high performance. While Ev-3DOD bene-

fits from LiDAR-based depth information, generally outper-

forming our event-only approach, it is noteworthy that our

method achieves superior performance in pedestrian AP3D.

Pedestrian detection requires fine detail, and our high per-

formance on this class is due to specialized modules that

effectively leverage semantic features from event data.

Figure 5 illustrates another advantage of the asyn-

chronous setup. While Ev-3DOD shows a decline in qual-

itative results as it moves further from active time 0, where

LiDAR data is available, our method maintains high perfor-

mance by computing geometric information from events,

allowing it to operate independently of active time.

4.4. Diverse Motion Scales and Time Slices
Table 2 shows the comparison of ours with different meth-

ods across various motion scales and time slices. Meth-

ods relying solely on synchronized sensors [11, 13, 14, 34,

49, 101] exhibit a significant performance drop as the mo-

tion scale increases during blind time. Our primary com-

parison method, Ev-3DOD [22], utilizes event data during

blind time, allowing it to handle moderate scenarios well,

as shown in Table 1. However, as the motion increases, its

performance significantly drops. This is because Ev-3DOD

relies entirely on LiDAR for 3D geometric information, and

when large motion occurs, scene changes make past ge-

ometric information less useful for the present. In con-

trast, our method computes 3D geometric information using

asynchronous event data, resulting in more stable perfor-

mance across different motion scales. Therefore, in scenar-

Table 3. Ablation study on modules for 3D detection during blind

time. DSGF: Dual Semantic-Geometric Filter. SDR: Semantic-

Guided Depth Refinement. GSV: Geometric-Filtered Semantic

Volume. OCRA: Object-Centric ROI Alignment. The fused voxel

source is denoted as G or S, where G represents geometric voxel

and S represents semantic voxel.

DSGF 3D Voxel
OCRA

mAP Easy

SDR GSV Source 3D BEV

G 12.92 20.78

G+S 14.60 24.85

G � 14.56 21.73

G+S � 15.95 26.12

� G+S 15.85 27.78

� G+S 17.08 26.53

� � G+S 19.12 29.64

� � G+S � 21.66 31.52

ios with high-speed driving or significant scene changes due

to dynamic motion, our event-based 3D detection proves

highly effective during blind time.

5. Ablation Study
Ablation Study on Modules. As shown in Table 3, we

conduct an ablation study on the proposed modules. Start-

ing from a baseline that performs 3D detection using only

the geometric plane-sweep volume, we incrementally add

the proposed modules to evaluate their impact on perfor-

mance. We report the easy mAP performance, which is

the average value across the two classes, VEH and PED,

measured under a motion scale of 1 and a time slice of 10.

Compared to the baseline, simply adding semantic infor-

mation results in sub-optimal performance, yielding only a

1.68 improvement in 3D detection. However, incorporating

a dual semantic-geometric filter, which facilitates interac-

tion between semantic and geometric features, leads to a

significant performance gain of 6.2 in 3D detection. Ad-

ditionally, the proposed object-centric ROI alignment con-

sistently improves performance across all settings. When
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Figure 6. Comparison of 3D detection during blind time. Ev-3DOD detects new objects only at the active timestamps, t = 0, 1, 2, using

LiDAR and RGB. In contrast, the proposed model can capture the emergence of new objects at arbitrary times.

Table 4. Performance of RGB fusion. Results of easy difficulty

level with a time slice of 10.

Settings Methods
AP3D APBEV

VEH PED VEH PED

Motion ×1
Ours (E) 23.47 19.86 40.13 22.91

Ours (E+I) 25.23 21.50 46.21 29.14

Motion ×2
Ours (E) 22.72 19.04 39.81 22.71

Ours (E+I) 20.14 10.50 37.93 12.76

used alongside a dual semantic-geometric filter, it further

enhances semantic BEV features, resulting in a more sig-

nificant performance boost.

RGB Fusion. Table 4 presents the results of fusing syn-

chronous RGB information into our method. The stereo

RGB features are extracted using a separate feature ex-

tractor and concatenated with the event features. This fu-

sion provides improved performance under small motion

scales, as the RGB input offers additional semantic guid-

ance. However, under large motion, the performance sig-

nificantly degrades due to misalignment between the syn-

chronous RGB data and the actual object location. In con-

trast, our setup that relies solely on event data demonstrates

robust performance regardless of scene dynamics.

Performance Degradation over Blind Time. Figure 7

shows the performance over time during blind time for our

method and other methods [22, 49]. To highlight robustness

in challenging scenarios, we use motion scale of 2. t = 0
refers to the most recent synchronized sensor input times-

tamp, while t = 0.1 ∼ 0.9 represents the blind interval be-

fore the next input. The reason for the performance drop of

other methods is that they rely on 3D information from syn-

chronous sensors and struggle as the current scene diverges

from recent active time (t = 0), making it challenging to es-

timate the present 3D box using past information. Thus, de-

spite using event data, Ev-3DOD struggles to transfer past

Blind Time

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.90 2 0 3 0 4 0 5 0 6 0 7 0 8
Normalized Blind Time 

Figure 7. Performance comparison with other methods during

blind time under the setting of motion scale 2 and time slice 10.

3D information to the present, causing its performance to

resemble LoGoNet as motion increases over time. In con-

trast, our method asynchronously infers both geometric and

semantic information for 3D detection, allowing it to oper-

ate independently of active time.

6. Conclusion

In this paper, we tackle 3D object detection using event

stereo in a fully asynchronous setting for the first time. Un-

like the previous continuous-time 3D object detection work

that utilizes LiDAR, our approach does not rely on LiDAR,

leading to lower performance compared to methods that

fuse LiDAR and event data. However, by evaluating var-

ious motion scales and time slices, we demonstrate that our

method is more adaptable and performs robustly in diverse

and extreme conditions. Furthermore, we highlight the po-

tential of event-based 3D perception in dynamic environ-

ments where event cameras are particularly beneficial, such

as drone flights, high-speed driving, and robots. We hope

this work inspires further research in this direction.
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