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Abstract— Event cameras offer high-temporal-resolution
sensing that remains reliable under high-speed motion and
challenging lighting, making them promising for localization
from LiDAR point clouds in GPS-denied and visually degraded
environments. However, aligning sparse, asynchronous events
with dense LiDAR maps is fundamentally ill-posed, as direct
correspondence estimation suffers from modality gaps. We
propose LEAR, a dual-task learning framework that jointly
estimates edge structures and dense event–depth flow fields to
bridge the sensing-modality divide. Instead of treating edges
as a post-hoc aid, LEAR couples them with flow estimation
through a cross-modal fusion mechanism that injects modality-
invariant geometric cues into the motion representation, and an
iterative refinement strategy that enforces mutual consistency
between the two tasks over multiple update steps. This synergy
produces edge-aware, depth-aligned flow fields that enable more
robust and accurate pose recovery via Perspective-n-Point (PnP)
solvers. On several popular and challenging datasets, LEAR
achieves superior performance over the best prior method. The
source code, trained models, and demo videos are made publicly
available online1.

I. INTRODUCTION

Visual localization aims to estimate the six degrees of
freedom (6-DoF) pose of a camera within a reference map.
It is a promising and widely adopted approach, as cameras
are lightweight and cost-effective, making them particularly
well-suited for deployment on compact robotic platforms
such as Unmanned Aerial Vehicles (UAVs). However, stan-
dard cameras are susceptible to motion blur and lighting vari-
ations. Event cameras, a new class of bio-inspired sensors,
offer compelling advantages—including high dynamic range,
low latency, and asynchronous operation—which make them
robust to such challenges. Consequently, event cameras have
attracted growing interest as an alternative to standard cam-
eras for visual localization.

A core challenge in event-based localization lies in es-
tablishing correspondences between events and reference
maps, of which the signal or data representations are sig-
nificantly different, with events usually being sparse but
texture-aware, while point clouds typically being dense and
geometrically informative. Traditional approaches often rely
on task-specific reference maps, such as geo-tagged event
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Fig. 1. Our method (bottom) integrates a flow estimator with an edge
detector within a mutually reinforcing cycle, enabling more accurate 2D–3D
matching (i.e., event–depth flow) compared to the flow-only baseline EVLoc
[19] (top).

frames [1]–[3], handcrafted feature databases [4], [5], or
learned descriptors [6]–[8]. While being effective for place
recognition, these approaches typically yield coarse localiza-
tion and often require large effort to build and maintain. To
achieve more accurate localization, other methods construct
3D line maps [9] or semi-dense reconstructions [10]–[12],
aligning events with projected map edges. However, their
performance suffers under noise, occlusion, or weak texture.
Photometric map-based methods [13], [14] attempt to match
predicted intensity changes to observed events, but they lack
view-dependent appearance modeling, struggling in dynamic
or complex environments. Direct pose regression methods
[15]–[18] offer efficient alternatives by implicitly encoding
scene geometry within network parameters. However, they
exhibit limited generalization to novel environments.

Unlike these task-specific representations, LiDAR point
clouds offer a compelling alternative as reference maps:
they are geometrically precise, robust to lighting, and often
readily available via third-party providers. However, directly
aligning events with LiDAR remains challenging due to their
inherently different nature. EVLoc [19], to our knowledge,
makes the first attempt to bridge this gap by formulating
the problem as dense flow estimation between events and
projected LiDAR points in 2D space. The flow estimates are
then used to determine 2D-3D correspondences for camera
pose recovery. While promising results are demonstrated, the
approach functions largely as a black box, offering limited
interpretability into the underlying mechanism.

Our key insight is that edge geometry forms a modality-
invariant bridge between events and LiDAR: events are
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triggered at intensity gradients, while depth discontinuities
in LiDAR capture structural boundaries. Incorporating this
shared structure into the representation can reduce the burden
on cross-modal feature encoding and make correspondence
estimation more robust. In our case, masking LiDAR point
clouds using event-derived edge maps (as shown in Fig. 4,
Ground Truth Edge Map) leads to significantly improved
performance compared to using raw point clouds alone, as
demonstrated by the oracle setting in Table I. However,
generating such aligned edge masks requires knowledge
of the relative pose—i.e., the associated correspondences
we seek to estimate. This highlights a mutual dependency:
accurate edge extraction depends on known correspondences,
while good-quality correspondences require well-aligned,
edge-aware encoded features.

Motivated by this insight, we introduce LEAR, a dual-task
framework for event-based localization using LiDAR maps,
as shown in Fig. 1. Given an initial pose guess—obtained
through coarse global localization methods such as visual
place recognition—LEAR refines it to the precise 6-DoF
camera pose. LEAR couples a dense event–depth flow es-
timator with an edge detector in a mutually reinforcing
architecture. A Cross-task Feature Fusion (CFF) module
embeds modality-invariant edge cues into the motion estima-
tion pipeline at the feature level, improving correspondence
reliability across modalities. An Iterative Feature Refinement
(IFR) module then recurrently updates both edge and flow
features, enforcing geometric consistency and progressively
improving prediction quality. This synergy yields edge-
aware, depth-aligned flow fields that produce more stable
and accurate pose recovery via a RANSAC-based PnP solver.
Overall, our main contributions are summarized as follows:

• We propose a novel dual-task learning framework
for event-based visual localization from LiDAR maps,
which integrates a flow estimator and an edge detector,
enabling edge-aware representations that enhance cross-
modal consistency for event-LiDAR data alignment.

• We introduce the CFF and IFR modules to facilitate the
learning of both task branches in a mutually reinforcing
manner, improving localization and edge prediction.

• We conduct extensive experiments on public datasets of
varying scenarios, and demonstrate the effectiveness of
our proposed edge feature enhancement modules and
state-of-the-art performance in localization accuracy.

II. RELATED WORK

Event-based visual localization has been approached from
multiple perspectives. In this section, we review key devel-
opments along the mainstream directions.

Retrieval methods avoid cross-modal matching by convert-
ing event streams into queryable representations, such as im-
ages [1], [3], [4] or edge maps [20], enabling similarity-based
matching against a reference database. Others construct
handcrafted [5] or learned descriptors [6], [8], or encode im-
plicit representations in network weights [7]. However, these
approaches typically require costly database construction and

maintenance, and achieve only coarse localization, which can
serve as an initialization step for our method.

Another line of work focuses on training neural networks
to regress camera poses directly from events [15]–[18],
encoding environmental information implicitly. For example,
Nguyen et al. [15] estimate poses from short event bursts
using a CNN and Stacked Spatial LSTM. Although these
methods eliminate explicit maps, they suffer from limited
scalability and poor generalization to unseen environments.

Pose refinement approaches assume a known 3D scene
representation and an initial estimate of the event camera’s
state. Based on the type of scene representation, these
approaches can be broadly categorized into geometric and
photometric methods. Geometric methods typically construct
a 3D map enriched with edge features and optimize the cam-
era pose by aligning events with these features. For instance,
Yuan et al. [9] build a scene map consisting solely of vertical
lines and achieve 3-DoF localization by matching 2D event
lines with their 3D counterparts. More recent approaches
[10]–[12] construct semi-dense maps using depth sensors
or Structure from Motion (SfM) techniques, and estimate
6-DoF poses through polarity-aware geometric alignment
between events and the semi-dense maps. However, since
these methods rely heavily on explicit edge features, their
performance degrades in scenes with noisy or weak texture.
Photometric methods infer intensity changes from scene
maps that contain color information [13], [14], [21]. For
example, Bryner et al. [14] propose a method that estimates
poses by aligning observed and predicted intensity change
images, using a generative event model and a photometric
3D map. However, traditional photometric maps typically
lack view-dependent appearance modeling, limiting their
expressiveness under varying viewpoints. To address this,
Liu et al. [21] introduce a Gaussian Splatting-based map,
which is able to encode more complex ambient lighting
effects. Nevertheless, rendering artifacts or inconsistencies in
Gaussian Splatting can directly impact localization accuracy.

Compared to the aforementioned approaches, LiDAR
maps offer dense, accurate, and lighting-invariant geom-
etry, making them attractive for event-based localization.
Additionally, LiDAR maps are often readily available from
third-party providers, eliminating the need for task-specific
scene construction. Despite this potential, few methods have
addressed the challenge of cross-modal matching between
events and LiDAR point clouds. [22], [23] are among the
first attempts to handle this for event–LiDAR extrinsic
calibration. However, they typically rely on task-specific
markers or controlled environments, limiting their scalability.
E2PNet [24] introduces a learning-based, image-like event
feature representation and applies it to existing RGB-based
methods [25], [26] for event-to-point cloud localization.
However, it reports only coarse localization performance.
The most closely related work with our method is EVLoc
[19], which tackles alignment by directly learning dense
flow fields between events and LiDAR maps. However,
it doesn’t explicitly exploit modality-invariant features that
can strengthen cross-modal correspondence. In contrast, we
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propose a dual-task framework that explicitly targets this
representational bottleneck by jointly learning an edge de-
tector and a flow estimator in a mutually reinforcing manner,
enabling consistency in feature space and significantly im-
proving event–LiDAR localization robustness and accuracy.

III. PRELIMINARIES

In this section, we describe the common modules inherited
from the baseline EVLoc [19], including data preprocessing
and the flow estimation network.

1) Data Preprocessing: Given an initial camera pose
Tinit, we transform the raw LiDAR points Pw into the
camera coordinate system and project them onto image plane
using a pinhole camera model to obtain the depth map
ID. Meanwhile, a structurally clear event image within a
given time window is generated. The event image generation
in [19] involves two steps: deblurring and denoising. In
our implementation, we retain the deblurring step but omit
denoising due to its high computational cost. Instead, we
apply a Spatio-Temporal Contrast Filter and a Trail Filter
from the Prophesee SDK [27] to preprocess the raw event
stream. These filters effectively reduce both noise and event
count. After filtering, we apply the event image generation
algorithm from [19] to generate the final event image IEV .

2) Flow Estimation Network: Same as [19], we formulate
the cross-modal event–depth matching problem as a dense
event–depth flow prediction task using a modified RAFT [28]
network, trained with a masked L2 loss:

Lflow =

∑
u,v 1

[
fgt(u, v) ̸= 0

]
∥f(u, v)− fgt(u, v)∥2∑

u,v 1
[
fgt(u, v) ̸= 0

]
+ ϵ

, (1)

where f is the predicted event-depth flow. fgt denotes the
ground-truth event–depth flow, obtained by projecting 3D
points into the image plane using the ground truth pose Tgt
and the initial pose Tinit, and then computing the difference
between the corresponding 2D projections. 1

[
fgt(u, v) ̸= 0

]
returns 1 if the ground-truth flow is valid (non-zero), and 0
otherwise. ϵ is a small constant to ensure numerical stability.

Remarks: EVLoc [19] demonstrates the feasibility of
using a flow estimation network to predict dense corre-
spondences between events and LiDAR maps. However, the
method provides limited analysis of cross-modal consistency
between events and LiDAR point clouds. The primary chal-
lenge in this task stems from the modality and appearance
gap between depth maps and event images, making cross-
modal matching substantially more difficult than intra-modal
alignment. This naturally suggests that reducing this gap by
making depth maps more “event-like” could simplify the
matching process. Motivated by this insight, we redesign the
framework to explicitly enhance cross-modal consistency and
thereby further improve localization accuracy. The details of
our method are presented in the following section.

IV. METHODOLOGY

In this section, we introduce our novel framework integrat-
ing the flow estimator alongside the edge detector (Sec. IV-
A) in a mutually reinforcing manner, which is achieved via

two novel cross-task feature fusion modules (Sec. IV-B and
IV-C). An overview of our framework is illustrated in Fig. 2.

A. Edge Detection Network

It’s known that events are typically triggered in gradient-
rich regions—namely, along edges in event images. This
insight motivates the idea of extracting edges from depth
maps to facilitate cross-modal alignment. However, depth
maps encode only geometric edge structures and lack the
texture edge information present in event images, making
such alignment not always reliable, particularly in complex
or noisy environments. To address this, we propose to learn
an encoder-decoder edge detector that extracts edge features
from depth, and implicitly enhances feature-level consistency
between modalities, as detailed in the Sec. IV-B and IV-C.

Due to the lack of learning-based edge detectors specif-
ically designed for depth maps, we adopt the widely-used
HED network [29], originally developed for RGB images.
HED is a convolutional network that extracts five feature
maps at resolutions (1, 1/2, 1/4, 1/8, 1/16) from interme-
diate layers. Each feature map is passed through a 1 × 1
convolution and upsampled to match the input resolution,
producing five side outputs. These outputs are then fused
via a 1× 1 convolution to generate the final edge map.

We use the input event image to generate ground truth
edge map. Specifically, since the depth map generated from
ground truth pose is aligned with the event image, we
first apply dilation to the depth map to ensure coverage of
sparse event pixels. Then, for each event pixel, we retrieve
its corresponding depth value d. Using the pinhole camera
model, we reconstruct the corresponding 3D points Pedge

in the camera coordinate system. Next, we reproject the 3D
edge points using the projection function π, based on the
relative transformation between the ground truth pose and
the initial pose:

I
′

EV ≜ π(Pedge,T
−1
init Tgt) (2)

Finally, we generate the ground truth edge map IED by
applying binarization to the reprojected event image I

′

EV.
The network is trained using a class-balanced cross-

entropy loss function [29], defined as:

Ledge = −
∑
u,v

[
wIED(u, v) log (p(u, v))

+ (1− w)(1− IED(u, v)) log (1− p(u, v))
] (3)

Here, p(u, v) denotes the predicted edge probability at pixel
(u, v), and w the class-balancing weight calculated based
on the proportion of non-edge pixels in the ground truth
edge map IED. This loss addresses the imbalance between
edge and non-edge pixels by assigning a higher weight to
the minority class (edge pixels).

B. Cross-task Feature Fusion

As outlined above, the generated depth map and event
image are provided to the flow estimator and edge de-
tector, which initially produce the event features FEV ,
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Fig. 2. The three stages of the proposed method: 1) Image Generation: a depth map is generated using a pinhole camera model D based on a given
initial pose guess, and an event image is constructed from the raw event stream using an event image generator E; 2) Encoder: the depth map and event
image are fed into the flow estimation branch (green module), and the depth map also serves as input to the edge detection branch (red module). Encoded
depth features FD and edge features FED are fused across scales via the CFF module to produce edge-aware representations; 3) Iterative Edge and Flow
Prediction: these, along with event features FEV and correlation volumes FC (constructed by indexing the element-wise products of FD and FEV using
the current flow; see Fig. 5), are passed to the IFR module, where flow f and edge representations FED are refined iteratively and jointly, ultimately
producing flow estimates f1→N and edge estimates p1→N from the corresponding decoders. The final flow estimate fN is used to recover the camera
pose via a PnP solver within a RANSAC loop. The yellow circles in the IFR module denote specific operations. See Sec. IV-C and Fig. 5 for details.
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Fig. 3. Architecture of the CFF module. Both the edge detection and
flow estimation branches employ five-layer encoders with different spatial
resolutions at each layer. Feature fusion is performed at the middle three
layers, as illustrated in the diagram.

depth features FD, and edge features FED. The depth
encoders in both branches are integrated through our pro-
posed CFF module, as illustrated in Fig. 3. Multi-scale
feature maps from the encoders of the edge detector and
flow estimator are progressively fused and propagated.
The flow estimator encoder extracts five feature maps at
resolutions (1/2, 1/2, 1/4, 1/8, 1/8) from the input depth
map, while the edge detector encoder produces maps at
(1, 1/2, 1/4, 1/8, 1/16). Due to the resolution mismatch,
fusion is performed only at the middle three layers. Features
at layer i are concatenated and passed through two separate
1×1 convolutions to restore the original channel dimensions
for each task branch, formulated as follows:

F̂ i
s = Convs1×1

(
Concat(F i

ED, F
i
D)
)
, (4)

where s ∈ {ED,D} indicates the task branch (edge detection
or depth), F̂ i

ED and F̂ i
D are enhanced features. Although both

encoders operate on the same input depth map, they focus
on different aspects: the edge detection encoder emphasizes
fine-grained, low-level edge cues, while the flow estimation

encoder primarily captures motion-related features, focusing
on both local correspondences and global motion context.
Through cross-task feature fusion, the depth features gain
enhanced sensitivity to local texture details, while the edge
features become more geometrically structured, enhancing
cross-modal consistency. As illustrated in Fig. 4, the depth
feature map obtained after applying the CFF module contains
richer texture details that align with structures present in the
ground truth edge map.

C. Iterative Feature Refinement

The obtained features are fed into the IFR module, as
shown in Fig. 5. This module consists of two components:
(1) an edge update branch (top) that refines edge features by
integrating information from aligned event features, and (2)
a flow update branch (bottom) that refines flow estimates by
incorporating edge features into the correlation volumes.

We first construct a correlation pyramid by computing
the dot product between all pairs of depth features FD and
event features FEV . The initial flow f0 is set to zero. At
iteration n(n ∈ [1, N ]), the current flow estimate fn−1 is
used to index into the correlation pyramid and retrieve a
corresponding correlation volume Fn

C . In the flow update
branch, the correlation volume is first concatenated with the
current edge feature Fn

ED along the channel dimension, then
passed through a 1 × 1 convolution to restore the original
channel size. A GRU cell updates the hidden state using
F̂n
C , the current flow, and context features Fctx (with Fctx

and h0 from the EVLoc-style context encoder [19]), and the
resulting state is mapped by a flow head H to predict an
incremental flow update. Then, in the edge update branch,
the updated flow is used to warp the event feature FEV ,
spatially aligning it with the edge feature FED. The current
edge feature Fn

ED, extracted from the fourth encoder layer
to match the resolution of the event feature, is split into a
context feature cED and a hidden state hn

ED. A GRU cell
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takes as input the context feature, the hidden state, and the
aligned event features, and outputs an updated hidden state.
The updated hidden state is concatenated with the original
context feature to form the refined edge feature Fn+1

ED .

F̂n
C = Conv1×1

(
Concat(Fn

C , F
n
ED)

)
, (5)

fn = fn−1 + H(GRU
(
hn−1, F̂n

C ,f
n−1, Fctx

)
), (6)

Fn+1
ED = Concat(cED,GRU

(
hn
ED,W(FEV ,f

n), cED

)
). (7)

By integrating edge features in this way, the correlation
volume is enriched with local structural details, comple-
menting the global motion context and enabling the model
to predict finer-grained flow. Notably, the two branches are
mutually reinforcing: improved flow leads to better-aligned
event features, while more accurate edge features enhance
the fused correlation representation, further guiding the flow
refinement process. See Fig. 6 the bottom rows.

D. Other Details

Loss function: As described above, the edge detector and
flow estimator are trained jointly in a mutually reinforcing
manner. The final loss is defined as a weighted combination
of the two terms:

L = α× Lflow + β × Ledge, (8)

where α is 1 and β is 100 in our experiments.
Pose estimation: We treat pixels with non-zero depth

values as valid and extract flow predictions (i.e., 2D-3D
correspondences) only at these locations. We use the publicly
available PoseLib library [30], with a maximal reprojection
error of 12.0 and Huber loss for optimization, while keeping
all other parameters at their default values.

V. EXPERIMENTS

A. Datasets and Implementation Details

1) Datasets: M3ED dataset [31] is a typical dataset
that provides high-definition LiDAR maps and ground truth
trajectories, so we primarily evaluate our method on it. For

(a) Depth map (b) Ground truth edge map

(c) Feature map from baseline (d) Feature map after adding CFF
Fig. 4. Visualization of the encoded depth feature map. Each pixel value
in the visualized feature map indicates the mean value of the corresponding
feature vector at that location. The depth feature map after applying the
CFF module contains richer texture details that align with structures.

Correlation Pyramid

GRU

L L

GRU GRU…

𝐹𝐸𝑉

GRU…GRU

W W W

C C𝐹𝐸𝐷
0 𝐹𝐸𝐷

𝑁−1

𝐹𝐸𝐷
0

ℎ𝐸𝐷
𝑁−1

𝐹𝐸𝐷
𝑁

𝒇0 …Initial Flow 𝒇𝑁

𝐹𝐷

𝐹𝑐𝑜𝑛𝑡𝑒𝑥𝑡
𝐹𝑐𝑡𝑥
ℎ0 ℎ𝑁−1

ℎ𝐸𝐷
0

𝑐𝐸𝐷

C

Fig. 5. Architecture of the IFR module. Edge features (F 0
ED → FN

ED)
and flow estimates (f0 → fN ) are progressively refined through mutual
reinforcement. W, L, and C denote warping, indexing and concatenating,
respectively.

TABLE I
ABLATION STUDY RESULTS. BOLD NUMBERS INDICATE THE BEST

PERFORMANCE EXCEPT THE UPPER BOUND Oracle.

CFF IFR EPE Mean Error Median Error
Transl.[cm] ↓ Rot.[°] ↓ Transl.[cm] ↓ Rot.[°] ↓

Oracle 1.66 4.14 0.39 3.31 0.22

Baseline [19] 6.10 9.01 1.10 8.11 0.97

Direct Mask 6.11 8.99 1.02 7.80 0.85

(a) ✓ 5.75 8.06 0.94 7.20 0.83

(b) ✓ ✓ 5.52 8.07 0.93 6.85 0.74

additional evaluation, we incorporate the DSEC dataset [32],
which introduces more complex driving scenarios not present
in M3ED. However, DSEC only offers disparity images. To
facilitate evaluation, we reconstruct a 3D point cloud for
each sample by back-projecting the disparity-derived depth
into 3D space using the pinhole camera model. Additionally,
since our method relies on high-quality, pre-built LiDAR
maps to produce dense and accurate depth estimates, we
exclude sequences heavily affected by dynamic objects, as
their motion introduces significant noisy artifacts into the
reconstructed maps.

2) Data Processing: To simulate uncertainty in coarse lo-
calization, we generate an initial pose estimate by perturbing
the ground truth (identity matrix for DSEC) through random
uniform sampling, with translation offsets within ±50 cm
and rotation offsets within ±5°. To ensure consistency and
efficiency, all input images are cropped and resized to fixed
resolutions specific to each dataset. For the M3ED dataset,
images are resized and cropped to 512 × 288; for DSEC,
images are cropped to 480× 360.

3) Training Details: For M3ED, a separate model is
trained per scene, as the dataset covers heterogeneous en-
vironments (indoor flight, outdoor parking, forest, etc.);
for example, in the falcon indoor flight scene, the
first two sequences are used for training and the last
for evaluation. For scenes with only one sequence (e.g.,
spot indoor building loop), we adopt a temporal split, us-
ing the first 70% of data for training and the remaining
30% for evaluation, ensuring that training and testing do
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Fig. 6. Visualization of the predicted edges and flows. Left column: edge
predictions; Right column: flow estimates.

not overlap. In contrast, a single model is trained across
all DSEC scenes—since they all depict driving environments
with similar sensor configurations and motion patterns—with
the final sequence of each scene used for evaluation. In each
experiment, the model is trained for 100 epochs with a batch
size of 2, weight decay of 1×10−4, an initial learning rate of
4× 10−5, and a OneCycleLR learning rate scheduler, using
the Adam optimizer [33]. The IFR module is configured to
run for 12 iterations during training and 24 iterations during
testing. All experiments are conducted on a single NVIDIA
RTX 4090 GPU.

4) Evaluation Metrics: For evaluation, localization accu-
racy is assessed using the mean and median errors of the
predicted poses, while the average End-Point Error (EPE) is
used to evaluate the accuracy of the estimated flow.

B. Ablation Study

To evaluate the effectiveness of the proposed modules, we
conduct a series of ablation experiments, as demonstrated in
Table I and Fig. 6. The baseline is EVLoc [19], which we
retrain using the same image resolution and experimental
settings as our method. In the oracle setting, we use the
ground truth edge map to mask the depth input before
both training and testing, producing a masked depth map

that closely resembles the texture of the input event image.
This minimizes the appearance gap between modalities. As
expected, the model significantly outperforms the baseline,
demonstrating the theoretical upper bound of flow-based
matching when perfect edge information is available. Next,
we explore a progressive pipeline direct mask where the
predicted edge maps are directly used to mask the depth
input. The edge detector is trained independently, and an
example of the predicted edge map is shown in the 2nd row
of Fig. 6, this configuration slightly outperforms the baseline,
validating that even imperfect edge predictions can improve
depth–event matching.

Building upon this, we incrementally incorporate the
proposed modules. By fusing edge features into the flow
estimator through the CFF module, the model (a) achieves
further improvements beyond simple masking. This suggests
that implicit feature-level integration is more effective than
direct masking. Additionally, as shown in the 3rd row of
Fig. 6, the predicted edges exhibit finer details compared
to those produced by a standalone edge detector, indicating
that the CFF module also enhances the edge detection branch
by integrating complementary information. Adding the IFR
module yields further gains in localization accuracy (model
(b)), confirming its contribution to refining flow estimates.
Compared to a standalone edge detector HED (Fig. 6,
2nd row), our method produces sharper and more detailed
edge predictions, demonstrating the IFR module’s ability to
effectively fuse local texture cues from the event features into
the edge representations. Furthermore, as iterations progress,
both the predicted edges and the refined flow estimates
become increasingly complete and accurate, as illustrated
in Fig. 6 the last three rows, highlighting the mutually
reinforcing nature of the iterative refinement process.

C. Results Analysis

In this section, we compare our method against the state-
of-the-art event–LiDAR localization approach EVLoc [19]
under the same experimental setup, as well as the RGB-
based image-to-LiDAR method I2D-Loc [34]. Results are
shown in Table II. M3ED does not provide ground truth
poses for standard cameras. Although approximate poses
can be obtained via interpolation, the resulting depth maps
exhibit significant misalignment with the camera frames. In
contrast, DSEC provides ground truth disparity maps for each
RGB image, allowing us to apply the same ground truth
generation method described above for the experiments on
standard cameras.

As shown in Table II, our proposed method consistently
outperforms EVLoc across all sequences under different
lighting conditions, demonstrating the overall superiority of
the proposed approach. On M3ED, in indoor environments
(falcon indoor flight and spot indoor building loop),
LEAR reduces translation error by roughly 15–20% and
rotation error by about 20 − 25% compared to EVLoc. In
more challenging outdoor scenarios, both methods perform
worse overall compared to indoors, suggesting that limited or
unstructured scene texture makes cross-modal matching more
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TABLE II
COMPARISON OF LOCALIZATION PERFORMANCE AMONG I2D-LOC, EVLOC, AND THE PROPOSED METHOD ON M3ED AND DSEC. MEDIAN ERRORS

IN TRANSLATION AND ROTATION ARE USED AS EVALUATION METRICS. BOLD NUMBERS INDICATE THE BEST PERFORMANCE.

Dataset Test Scene Time I2D-Loc [34] EVLoc [19] Ours
Transl.[cm]↓ Rot.[°]↓ Transl.[cm]↓ Rot.[°]↓ Transl.[cm]↓ Rot.[°]↓

M3ED [31]

falcon indoor flight - - - 8.11 0.97 6.85 0.74
spot indoor building loop - - - 12.88 2.07 10.94 1.63

falcon outdoor day penno parking day - - 25.11 1.32 22.40 1.18
falcon forest into forest day - - 20.46 1.87 19.35 1.84

spot outdoor day penno short loop day - - 17.89 0.88 14.37 0.74
spot forest road day - - 13.55 0.60 12.96 0.57

car urban day penno day - - 14.15 0.60 11.88 0.56
car forest into ponds day - - 19.76 0.86 16.23 0.75

spot outdoor night penno short loop night - - 34.85 1.71 24.97 1.04
car urban night penno night - - 20.84 0.72 19.15 0.87

DSEC [32]

interlaken 00 dawn/dusk 10.45 0.42 7.11 0.30 5.56 0.25
thun 00 dawn/dusk 11.15 0.55 8.26 0.42 8.08 0.41

zurich city 00 dawn/dusk 11.30 0.52 7.94 0.37 6.78 0.34
zurich city 01 dawn/dusk 9.88 0.36 7.63 0.30 6.15 0.28
zurich city 02 dawn/dusk 8.68 0.33 7.93 0.31 6.68 0.27
zurich city 03 night 14.01 0.74 8.79 0.61 8.14 0.51
zurich city 04 dawn/dusk 11.82 0.51 7.49 0.30 6.16 0.26
zurich city 05 day 9.27 0.37 6.42 0.28 5.36 0.24
zurich city 06 day 14.26 0.62 8.12 0.39 6.98 0.37
zurich city 07 day 11.33 0.43 7.27 0.34 6.25 0.32
zurich city 08 dawn/dusk 8.72 0.36 6.62 0.27 5.81 0.26
zurich city 09 night 8.05 0.32 6.38 0.29 5.92 0.28
zurich city 10 night 11.35 0.49 8.37 0.35 7.35 0.34
zurich city 11 dawn/dusk 9.56 0.41 6.14 0.26 5.21 0.23

difficult. Nevertheless, our method does not degrade relative
to the baseline and still achieves modest gains, indicating that
the model continues to learn useful features from complex
environments. Nighttime sequences are particularly challeng-
ing: even after denoising and deblurring, the generated event
frames contain little useful information of the captured scene
but substantial noise, and the high resolution of the event
camera further amplifies the noise effects. Nevertheless,
LEAR achieves performance comparable to EVLoc, despite
the lack of useful structural information.

Fig. 7. Comparison of ground-truth poses (green), initial poses (blue),
and poses predicted by our method (red) on M3ED. Our predictions align
closely with the ground truth, demonstrating high accuracy.

DSEC contains only driving scenarios but under diverse
lighting conditions. LEAR consistently outperforms EVLoc
and achieves up to 36% lower translation and 29% lower
rotation errors, and also surpassing I2D-Loc with reduc-
tions of up to 61% in translation and 44% in rotation
errors, respectively. The significant improvement over I2D-
Loc highlights the benefits of event cameras for cross-modal
data association. We believe this could be attributed to the
much larger domain gap between daytime and nighttime
RGB images, which causes the models to converge to a local

minimum. In contrast, event images remain consistent across
both daytime and nighttime conditions.

Figure 7 visualizes the localization results of one scene
in M3ED. Starting from a coarse initial pose (blue), LEAR
refines it to a precise prediction (red) that closely aligns with
the ground truth (green).

TABLE III
RUNTIME AND MEMORY CONSUMPTION COMPARISON.

Methods Stage Runtime [ms] Memory [MB] Transl.[cm]/Rot.[°]

EVLoc [19] Feature encoding 4.33 1202 8.11/0.97Flow estimation (24 iters) 51.80

Ours

Feature encoding 7.71 1232 6.85/0.74Flow estimation (24 iters) 100.43
Feature encoding 7.71 1232 7.01/0.75Flow estimation (12 iters) 51.30

Table III summarizes the runtime and memory consump-
tion of the baseline and our method on M3ED. Under the
same number of iterations, our method requires negligible
extra cost on memory, while more runtime (primarily in
flow estimation) than EVLoc. Nevertheless, this overhead
remains practical and enables significant gains in localization
accuracy. Furthermore, our method at 12 iterations still
outperforms EVLoc at 24 iterations, while they require a
comparable runtime in this case. These results demonstrate
the effectiveness of the enhanced feature representation and
iterative refinement introduced in our framework.

VI. CONCLUSIONS AND FUTURE WORK

In this paper, we propose a dual-branch framework for
event-based visual localization in LiDAR maps. Our ap-
proach integrates an optical flow estimation network with an
edge detection network, and introduces a cross-task feature
fusion module along with an iterative feature refinement
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module. These components enable implicit feature-level fu-
sion between the two branches, enhancing cross-modal fea-
ture consistency in finding accurate correspondences for lo-
calization. Extensive experiments on multiple public datasets
demonstrate the effectiveness of the proposed method.

Limitations: Despite its advantages, our method relies
on local flow estimation in 2D space, which requires suf-
ficient overlap between the input depth map and the event
image. Moreover, successful matching depends heavily on
the presence of sufficient depth variation. In scenarios with
degenerate depth information—such as flat ground or smooth
walls—our method may fail due to the lack of distinguishable
geometric features. In the future, we plan to investigate direct
event-to-point cloud registration without projection, which
may offer greater robustness in cases with limited initial pose
accuracy or poor geometric variation.
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