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Abstract—Loop closure detection (LCD) plays a crucial role in
simultaneous localization and mapping (SLAM) systems to elim-
inate accumulated odometry drifts as the map is built, and using
multi-modal information can improve the accuracy and robustness
of this system compared to single sensor. However, traditional
fusion methods often require sophisticated space alignment of the
sensors, which places high requirements on hardware equipment.
Moreover, these methods fuse the point cloud and image in a
weak manner, such as concentrating two kinds of features using
calibration information, which makes they cannot take full use of
the multi-modal information. In this letter, we propose a method for
fusing asymmetric point clouds and images to detect loops. Bird’s
Eye View (BEV) of point cloud and image achieve information
interaction and associations through learnable modules, rather
than through hard intrinsic and extrinsic matrices to perform
cross-fusion. Multi-information is fused in BEV grids, then the
features of BEV key points are enhanced. Through experiments,
it is found that under the training of this fusion strategy, the image
information can be encoded into the BEV processing modules, and
ultimately the performance of the method can be improved without
images. The proposed method is evaluated on KITTI and KITTI-
360, and the results demonstrate the state-of-the-art performance
and remarkable efficiency.

Index Terms—Bird’s eye view, cross fusion, information
interaction, lightweight, loop clousre detection.

I. INTRODUCTION

ACCURATE perception of complex environments has al-
ways been a critical issue for many applications, such

as unmanned vehicles and autonomous robots. Simultaneous
localization and mappingg (SLAM) is the pivotal solution for
handling this problem. Loop closure detection (LCD) can pro-
vide additional spatial constraints to SLAM systems and im-
prove the consistency of the maps [1]. Detailed environment
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perception requires information collected by multiple sensors
and most of them are cameras and LiDARs. LiDAR can pro-
vide accurate 3D geometric structure and has advantages in
panoramic environment perception. But point cloud is sparse,
and it is difficult to perceive less structured or transparent objects.
Cameras obtain 2D image by capturing the projection of light
on the image plane, which can provide rich texture and color
information [2], and has more advantages in detail description.
But the image data is easily affected by factors such as viewpoint
and illumination changes. Recently, there has been a surge
in popularity for approaches that leverage the complementary
nature of these two modalities [3], [4], leading to improved
performance.

However, how to effectively and reasonably combine the two
kinds of information is still a very difficult problem. At present,
many methods use independent backbone networks to extract
features when using two kinds of information. Then fusion
modules are used to combine the two features into one [5].
Finally the fusion features are input into subsequent task pro-
cessing modules, such as semantic segmentation and object
detection [4]. These methods require good symmetry between
input images and point clouds, placing higher demands on sensor
equipment. Besides, they only establish a connection between
the fused information and the inputs, without leveraging the deep
relationships between them.

In this letter, we propose a novel feature fusion method suit-
able for LCD based on asymmetric point clouds and images. The
converter and generator modules are designed to mine the deep
relationship between point cloud features and image features, so
that they can be closely combined and realize bi-directional flow
of information. Since the proposed approach primarily relies on
Bird’s Eye View (BEV) information, with image information
as a supplementary, the network during training will also tend
to favor BEV. In the end, it can operate without depending
on images entirely but still learn some valuable image-related
insights, thereby enhancing BEV features and improving LCD
performance.

The main contributions of this work are summarized as fol-
lows:

1) A cross-fusion strategy is designed to fully interact
between point clouds and images, which enables bi-
directional flow of information during fusion.

2) Using relationships between features makes it possible to
handle asymmetric point clouds and images, and can get
rid of alignment when testing.
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3) Attention mechanism is utilized to mine the relations of
the features and combine information of the two sensors.

4) Experiments on two commonly used datasets show that
our approach has better performance to state-of-the-art
methods and can run in real time.

II. RELATED WORK

In this section, we provide an overview of the state-of-the-art
methods for LCD and fusion methods of point cloud and image.

A. Loop Closure Detection

Feature extraction can be regarded as quantitative description
of the scene and is the basis and core part of LCD. Local
features have better accuracy and robustness than global
features and raw data, so they are often applied in LCD. In
the feature extraction of image, handcrafted methods usually
achieve the representations with rotation and scale invariance,
such as SIFT (Scale-Invariant Feature Transform) [6], SURF
(Speeded Up Robust Features) [7], and ORB (Oriented FAST
and Rotated BRIEF) [8], while the methods based on deep
learning usually possess stronger representational capabilities,
such as SuperPoint [9] and ALIKE [10]. The commonality
among these methods is that they explicitly obtain key points
and their local features. In the feature extraction of point
cloud, due to its data being unordered and discrete, there are
different types of methods for the processing. One is the method
based on the original point cloud, such as normal distribution
transform (NDT) [11], point feature histograms (PFH) [12],
linear key points representation for 3D LiDAR (Link3D) [13].
Most of them portray the spatial relationships or the geometric
properties of the local areas, while Link3D describes the
structural distribution information of key points. Deep learning
also promotes the feature extraction of point cloud, such as
PointNetVLAD [14], LCDNet [15], and PADLoC [16]. Another
set of methods involves the utilization of 2D pseudo images
derived from point cloud. Within this category, conventional
approaches include Scan context [17], LiDAR Iris [18], and
M2DP [19]. Furthermore, contemporary deep learning-based
methods consist of OverlapNet [20], OverlapTransformer [21],
etc. Driven by large-scale open-source datasets, methods based
on deep learning achieve even more remarkable results.

LCD aims to achieve accurate and efficient detection. How-
ever, large-scale scenes in reality have numerous local features.
Therefore, efficient loop retrieval cannot be achieved only by us-
ing local features. Due to the excellent performance of BoW [22]
and NetVLAD [23], they have been the most commonly used
methods to aggregate local features by describing the same scene
into a single global descriptor. In order to improve the accuracy
of LCD, many methods pick up the spatial structure of the
scene lost during feature extraction and aggregation to construct
additional globally consistent constraints [1] to verify loop can-
didates. For LCD methods based on images, graph model [24],
[25] and local motion [26], [27] are the popular ways to get the
consistency for key points. On the other hand, point cloud-based
methods [28] mostly achieve quantitative comparison of global
consistency by estimating the rigid transformation matrix.

B. Fusion of Point Cloud and Image

The fusion can capitalize on the strengths of both modalities,
harnessing the detailed geometry captured by point cloud and the
rich visual information inherent in images. Since the domains of
point cloud and image are completely different, how to associate
these two modalities becomes the key of fusion. Using homo-
geneous transformation to match image information and point
cloud information is the basis of many fusion methods. Point-
Painting [29] concatenate 3D points with semantic segmentation
scores from an image-based semantic segmentation network
and feed the painted point cloud to the 3D detection network.
PointAugmenting [30] uses LiDAR points appended by the
fetched pointwise image features as network inputs to perform
3D detection. BEVFusion [4] associate the camera features with
BEV grids, and then pool the features within each BEV grid with
symmetric function. [31], [32] use projection to associate camera
features and LiDAR features and then perform the follow-up
tasks with the fusion features. Recently, attention [33] has been
widely used, it can capture temporal and spatial dependencies,
and has become an effective method for multi-modal fusion,
such as [5], [34], [35]. Projecting point cloud to depth and
use RGB-D [36] to extract the learning-based high-dimensional
global feature and histogram-based local feature.

III. METHOD

Fig. 1 presents the overview of the proposed method, which
includes three main modules: feature extraction for each of the
two modalities and the modules for fusion, and finally the loop
retrieval and verification.

A. Feature Extraction

Similar to our previous work BEVLCD [37], point clouds
are projected to BEV for processing efficiency. Another benefit
of projecting point clouds is that we can use the same CNN
backbone architecture for feature extraction of point clouds
and images. The CNN backbone is from ALIKE [10], which
is lightweight and efficient. As shown in Fig. 2, there are
four blocks primarily comprised of convolutional layers for
extracting features at different levels. Max-pooling is utilized to
enlarge the receptive field, enhancing feature noise resistance.
Upsampling with 1×1 convolutional layer is performed to adjust
the size of the feature map to be consistent with the input size,
alongside channel adjustments to facilitate the concatenation
of multi-level features. Finally, a 1×1 convolutional layer is
employed to estimate feature map and score map, and the scores
are then normalized to 0-1 with sigmoid. Based on the BEV
score map, Non-Maximum Suppression (NMS) is applied to
retain the most significant points. Subsequently, we select the
topk grids with the highest scores as key points. These grids are
then used to sample both the key points’ coordinates and the
corresponding local features.

In order to integrate the geometric information lost during
feature extraction with the CNN backbone, we encode the geo-
metric position distribution of key points. Recognizing the robust
rotation and translation invariance of Euclidean distance, we

Authorized licensed use limited to: CHANGSHA UNIV OF SCIENCE AND TECHNOLOGY. Downloaded on December 09,2025 at 01:46:46 UTC from IEEE Xplore.  Restrictions apply. 



YUE et al.: CROSS FUSION OF POINT CLOUD AND LEARNED IMAGE FOR LOOP CLOSURE DETECTION 2967

Fig. 1. Overview of the proposed method. Green, orange, and blue represent the information processing and transmission of image, point cloud, and fusion of
them, respectively.

Fig. 2. CNN backbone used to extract features. The feature map is used for
BEV and image while score map is only used for BEV.

conduct histogram-based statistical analysis on the distances be-
tween key points using a fixed criterion. For each histogram, 1×1
convolutional layer is employed to adopt the channels and add
them with features originating from the CNN backbone. Given
that distance calculations are centered on key points within
BEV space, their relatively limited quantity ensures that such
positional encoding has a negligible impact on computational
efficiency.

B. Fusion Module

Most of the traditional fusion methods of point cloud and
image focus on how to effectively combine these two modali-
ties [29], [30]. They requires the view range of point cloud and
image to be as consistent as possible, but not all applications can
meet this condition [38], [39]. In this letter, we design a solution
to the fusion problem of point cloud and image when the range
of view is inconsistent.

Cropping and padding are performed on the image to meet
downsampling requirements. Additionally, to ensure alignment
between the cropped and padded images and point clouds, we
also record the pixel offsets Δw,Δh of cropping and padding.
For a point (px, py, pz), with the intrinsic K and extrinsic R, t,

Fig. 3. Connections of BEV grids and image pixels. The bottom right figure
is the same BEV as the bottom left for better readability.

it is possible to obtain its corresponding pixel in the image:

s ·
⎡
⎣uv
1

⎤
⎦ = K · [R, t]

⎡
⎢⎢⎣
px
py
pz
1

⎤
⎥⎥⎦+ s ·

⎡
⎣Δw
Δh
1

⎤
⎦ (1)

where u, v represent image pixels and s denotes the depth
normalization factor.

As shown in Fig. 3, the results obtained by projecting 3D
points onto the BEV grids and image allow us to establish
associations between the BEV and image. Due to differences
in range of view, only a partial range of the BEV can be
connected with the image, and the connections that exist are also
unbalanced. The image features corresponding to BEV grids
are multiple in number and require to be aggregated. Firstly,
we apply a convolutional layer to linearly combine these image
features. Subsequently, we employ max-pooling to extract one
single image feature for each BEV grid.
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Fig. 4. Two basis modules of our fusion method. Attention focuses on mining
the mutual relationships between features, convolutional layers concentrate on
the internal connections within features, and transpose convolutions ensure that
adaptive pooling has sufficient input information.

The two modules shown in Fig. 4 capture the profound
interrelation of point cloud and image, which is the basis for
the enhanced features. The main component of each of these
modules is attention [33]. It is particularly suitable for capture
relations within sequences. The general form of the attention-
mechanism can be expressed as the following formula:

Q = FqMq,K = FkMk, V = FvMv

A(Q,K, V ) = softmax

(
QKT

√
d

)
V (2)

where Q, K, and V denote the query, key, and value obtained
through linear transformations using matrices Mq, Mk, and
Mv applied to the input sequences Fq, Fk, and Fv .

√
d is the

dimension of Q and K. In these two modules, Fq , Fk, and Fv

are the same feature sequences so that the relations between
themselves can be captured. We apply a linear transformation
to A to get the output. Other components such as convolution,
transpose convolution, and adaptive pooling play supplementary
and auxiliary roles.

The initial key points features of BEV and image features
with projection from point cloud are denoted as FKB and FI ,
respectively. The two converters are represented as CV TI and
CV TB , and the generator is indicated asGEN , then the features
can be obtained by:

FCV TKI = CV TI (FKB)

FCV TKB = CV TB (CV TI (FKB))

FGENKB = GEN (CV TB (FI)) (3)

The fusion module is shown in Fig. 5. Three groups of BEV
features FKB , FCV TKB and FGENKB with different sources
are expanded to a new dimension for stacking. Self-attention
is employed to capture the 3× 3 correlations which are used
to weight and integrate them with each other. The enriched
features, carrying comprehensive information, compete with
each other during the max-pooling, thus retaining the most
relevant representations FFKB . Next, FFKB and FCV TI are
fused through cross attention, where FCV TI serves as keys and
values andFFKB is used as queries. The output of cross attention

Fig. 5. Illustration of the fusion module. It first stacks the BEV features from
different sources and employs self-attention across the stacked dimension to
aggregate them. Then they are fused with image features using the cross-attention
and a convolutional layer.

is combined withFKB and subsequently fed into a convolutional
layer for dimension adaptation. Finally, the fused featuresFKBI

of BEV and image are obatined.

C. Loop Retrieval and Verification

The global descriptor involves aggregating all local features
into a single vector representation that encapsulates the entire
scene. This approach facilitates efficient loop closure detection.
To seamlessly integrate the aggregation module with the feature
extraction network and train them in an end-to-end manner,
NetVLAD stands out as the optimal choice. NetVLAD’s essence
lies in its learnable clustering and residual accumulation, mak-
ing it highly versatile in applications like image retrieval and
place recognition. Our fusion strategy is primarily built upon
BEV features, complemented by image features. Notably, the
information within the fused features is not solely derived from
sensor observations but more rather from the network’s learned
correlation between BEV and images. To enhance the reliability
and accuracy of the global descriptor, we employ NetVLAD to
aggregate FKB and FKBI separately, yielding DB and DBI .
The weighted sum of these descriptors serves as the global
descriptor D for the scene.

D = sigmoid (λ) ·DBI + (1− sigmoid (λ)) ·DB (4)

where λ is a learnable parameter and sigmoid is the function
which maps the weight to 0-1 based on λ.

Global descriptors, local fused features, and key points of
the scenes are recorded to serve as a database for loop closure
detection. During the retrieval phase, the Euclidean distances
between the global descriptors of the query sample and the
database are computed. The one with the smallest distance is
selected as a loop candidate. In the verification phase, bilateral
nearest neighbor matching of local features is employed to es-
tablish corresponding key points. Subsequently, an SVD-based
transformation matrix estimation using RANSAC is applied to
determine the scene transformation. If a sufficient number of
local feature matches are found and the transformation matrix
can be estimated, the candidate is selected.

D. Loss Function

Our fusion strategy primarily relies on BEV as the main source
of features and integrates image features into BEV in the form of
high-dimensional neural network information. When designing
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the loss function, we not only consider optimizing the fused
features but also preserve the optimization for the initial BEV
features. Considering the sparsity of the BEV, we determine
slabel to represent whether grids can be key points by examining
the matching relationships of true loop pairs between the centers
of BEV grids. If there are J grids that are not empty in a BEV
and their scores are denoted by s, then Lscore that guides the
score map is:

Lscore =
1

J

J∑
j=1

(
sj − slabelj

)2
(5)

The global descriptors D are trained by triplet loss, which is
commonly used for metric learning. For a query sample, we ran-
domly select a positive sample and a negative sample according
to the poses, and their global descriptors are represented as Dq ,
Dp andDn respectively. Then the triplet lossLtrip with a margin
m is:

Ltrip= max
(‖Dq −Dp‖2 − ‖Dq −Dn‖2 +m, 0

)
(6)

To optimize the selection of key points and their local features,
we first use unbalance optimal transport algorithm to find the soft
correspondence of FKB and FKBI , which are represented by
TB and TBI , respectively. These two correspondences are also
the soft matching of the key points Pq and Pp, so we employ
weighted SVD to find the homogeneous transformation ĤB and
ĤBI . Their ground truth H can be obtained from the true poses.
Then the pose loss Lpose and and match loss Lmatch are:

Lpose = mean
(

abs
((

ĤB + ĤBI

)
· Pq − 2H · Pq

))
(7)

Lmatch = mean
(

abs
((

TB + T̂BI

)
· Pp − 2H · Pq

))
(8)

Features from BEV and images that have matches are used
to train CV TI and CV TB. Features of key points FKB and
FGENKB are used to train GEN . Using FI , FB , FCV TI , and
FCV TB to represent the original and converted image and BEV
features respectively, there are three losses of these modules:

LCV TB = mean

(
1− FB · FCV TB

(‖FB‖2 · ‖FCV TB‖2)
)

(9)

LCV TI = mean

(
1− FI · FCV TI

(‖FI‖2 · ‖FCV TI‖2)
)

(10)

LGEN = mean

(
1− FKB · FGENKB

(‖FKB‖2 · ‖FGENKB‖2)
)

(11)

Finally, all the above mentioned loss functions are summed
to compute the final loss. To balance Lmatch, we introduce a
weighted term to it:

Ltotal = Lscore + Ltrip + Lpose + 0.05Lmatch

+ LCV TB + LCV TI + LGEN (12)

IV. EXPERIMENTAL EVALUATION

In this section, we conduct a series of experiments to assess
the effectiveness of our proposed method. Initially, we outline
the datasets employed in the evaluation, along with the specifics

of implementing our proposed method and configuring of the pa-
rameters. Subsequently, a comprehensive presentation of diverse
experimental outcomes against existing methods are provided.

A. Datasets and Implementation Details

Our experimentation unfolds across two serialized datasets
that are particularly conducive to the exploration of loop closure
detection: KITTI [38] and KITTI-360 [39]. The point clouds of
them readily align with images when subjected to projection,
facilitating seamless correspondence. However, there is only
one image perspective corresponding to the point cloud. Our
experimental encompasses several sequences of these datasets,
including sequences 00, 05, 06, 07, 08, and 09 of KITTI and
sequences 00, 04, 05, 06, 09 of KITTI-360. All the deep-learning
based methods except for OverlapTransformer are trained on
sequences 00, 05, 06, 07, and 09 of KITTI, validated on sequence
08 of KITTI, and tested on sequences 00, 04, 05, 06, 09 of
KITTI-360. Ground-truth are identified based on specific criteria
within the related works [15], [16]. Specifically, if the Euclidean
distance between the poses of two frames is less than 4 m, and
their temporal separation exceeds 50 frames, they are classified
as loops. Notably, while KITTI and KITTI-360 datasets exhibit
a serialized structure, we refrain from imposing any order or
sequence-based considerations during our evaluation process.
The details of the datasets are shown in Table I.

We limit the valid range of the point cloud along the x and
y axes to (−32, 32) m and along the z-axis to (−2.5, 1.5) m,
and the resolution of BEV grids is 0.2 m. The local feature
dimensions for BEV and image are both 128, and the cluster
number of NetVLAD for BEV features and fused features is
16, so the dimension for global descriptors is 2048. We apply
random rigid transformations to the point cloud for data aug-
mentation. Specifically, they are ±3 m of translation and ±3◦ of
rotation on the x and y axes and±0.3 m of translation and±180◦

of rotation on the z axis. In order to reduce the model’s GPU
memory usage, we first crop and pad the image to 1152×384
and then downsample it to 576×192. No data augmentation is
applied to the images. The model undergoes training on NVIDIA
RTX TITAN GPU with 24 GB, running for 100 epochs with a
batch size of 6. The learning rate of Adam optimizer is 0.001
and the weight decay is 5× 10−6. The learning rate experiences
a decay of 0.99 for each epoch.

B. Loop Closure Detection

To evaluate the performance of the loop closure detection,
we compare our proposed methods against M2DP [19], Scan
context [17], LiDAR Iris [18], OverlapTransformer [21], LCD-
Net [15], and BEVLCD [37]. In this letter, there are some
differences between BEVLCD and the method in the original
letter. Due to more efficient data augmentation than [37], we
use traditional network layers. M2DP, Scan context and LiDAR
Iris are handcrafted methods and others are deep learning based
methods. We use BEVLCD+P and FUSION to represent meth-
ods of BEVLCD with Position encoder and our proposal. For
convenience, when we test FUSION, the input of image is set
to 0. The Euclidean distance is used between global descriptors
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TABLE I
DETAILS OF DATASETS

Fig. 6. Precision–recall curves of the proposed methods and others for loop closure detection.

TABLE II
COMPARISON OF LOOP CLOSURE DETECTION

to represent their similarity. If a frame in the database has the
minimum Euclidean distance to the current frame, and the frame
interval between them is greater than 50, as well as the Euclidean
distance is less than or equal to a threshold thr, it is considered as
a loop for the current frame. By adjusting the thr, results under
different constraints on loop closure detection can be obtained,

leading to commonly used qualitative evaluation in the form of
a PR (Precision-Recall) curve, as well as quantitative evaluation
metrics such as Average Precision (AP) and Recall@1 (R@1).

The PR curves and evaluation metrics are shown in Fig. 6
and Table II. Because BEV-based methods have fewer model
parameters compared to directly processing raw point cloud
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Fig. 7. Matching between key points (white points) of the two frames allows
to estimate their relative pose, followed by obtaining inliers. Correct matches
are indicated by green lines, while incorrect ones are represented by red lines.
Sufficient correct matches signify verification passes (left), otherwise, it does
not (right).

Fig. 8. Example of distance from the estimated poses and true poses on KITTI
08.

methods, their generalization performance is better. According
to the results, the Position Encoder for key points and the fusion
of image and BEV feature extraction proposed in this letter have
both improved the performance of loop closure detection. FU-
SION, in particular, achieved the best results in most sequences.
This is especially evident in sequences with a high proportion
of reverse loops, such as 08 of KITTI and 04 of KITTI-360. In
scenarios with low levels of structure, the consistency of a point
cloud’s description of the same object from different angles may
be poor. This can result in methods relying solely on point cloud
information performing normally on these two sequences. But
when the key point features are enhanced with image informa-
tion, the performances on these two sequences are significantly
improved. Additionally, the images cannot directly provide con-
sistent descriptions of scenes in reverse loops. However, our
proposed fusion framework can explore the relationship between
BEV and images, not just directly fuse them. As a result, it can ef-
fectively handle such misalignments of images and point clouds.

The precision of loop closure detection is crucial, so many
methods use local information to establish global consistency
constraints. As shown in Fig. 7, the transformation estimated in
the verification phase can reflect the consistency of key points
matching and exhibits good invariance to rotation and transla-
tion. Since the geometric information of the point cloud does not
introduce scale changes, this verification method demonstrates
considerable accuracy. However, using ground-truth based on
inter-frame Euclidean distances for evaluating the precision of
loops is not entirely reasonable, as the distance of loops on
different scenarios cannot be same. An example of the detection
on Fig. 8 shows that the distances of loops vary in different
places. The best way to find loops for all samples is pairwise
comparisons, which is very time-consuming. Therefore, we

TABLE III
COMPARISON ABOUT NUMBER AND PRECISION OF LOOP CLOSURE DETECTION

TABLE IV
ABLATION STUDY ON PIPELENE CHOICE

adopt an approach that doesn’t rely on ground truth to assess the
precision, that is to compare the estimated loop pose and the true
loop pose. If the error between them is over 1 m, they are regarded
as a false loop. Because we can only assess the correctness of
the detection results and cannot determine any omissions that
are not detected, we only report the number and precision of
the results. As shown in Table III, it can be observed that the
fusion of images into point clouds can make the method detect
more loops while still ensuring precision, which demonstrates
the benefits of fusion.

C. Ablation Study

In this section, we conduct ablation experiments to validate
each part of the pipeline. We change the settings of the module in
Fig. 5 to perform fusion of different information in our pipeline,
and the results are shown in Table IV. None of the information
is used means there is no fusion in the pipeline, and no FCV TKI

means cross-attention is removed. Other settings of the experi-
ments are the same as before and those experiments that require
images are only required during training. The results indicate the
effectiveness of our designed approach, which leverages infor-
mation interaction to explore the correlation of multi-modal fea-
tures and enhancing them to improve the performance of LCD.

D. Runtime

The runtime of a LCD method is also worth noting. Due to
the lightweight network of the proposed method and its focus on
sparse features, it can run very efficiently. We have recorded the
average runtime of the proposed method in three components:
feature extraction, loop retrieval, and loop verification on the
KITTI 08 sequence. They are 42.50 ms, 0.89 ms, and 3.05 ms,
respectively, with a total of 46.44 ms, demonstrating real-time
capability.
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V. CONCLUSION

In this letter, we introduce a loop closure detection method
that fuse asymmetric images with point clouds. Independent
backbone networks are used to extract features from images
and BEVs. Feature conversion and generation modules are used
to uncover the relationship between deep features of BEV and
images. In the fusion stage, this relationship is managed and
fused using attention mechanisms. Finally, global descriptors ag-
gregated by NetVLAD and distribution of local features are used
to perform retrieve and verify. The proposed method can embed
image information into the BEV processing modules, thereby
improving algorithm performance without the need of images.
Experimental results on publicly available datasets demonstrate
that the proposed method exhibits outstanding performance. The
lightweight model design and sparse data processing enable our
method to run efficiently.
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