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Abstract—Place recognition is a fundamental technology for
vehicle localization. LiDAR-based methods could work under vi-
sual appearance-changing conditions, such as season or weather
changes, and different times of a day. However, these methods
require every vehicle to be equipped with a 3-D LiDAR during
the online localization stage, resulting in high costs for the vehicles.
To alleviate this issue, we propose a cross-modal place recognition
network, which can localize vehicles with visual images obtained
from a low-cost monocular camera against a pre-built LiDAR
point-cloud database. To this end, we first bridge the modality
gap between visual images and point clouds via modality align-
ment. Then, we propose an orientation voting module to suppress
the recognition ambiguity caused by the inconsistent field-of-view
between images and point clouds, thereby improving the place
recognition accuracy. Experiments are conducted with three public
datasets: KITTI, KITTI-360, and Oxford RobotCar, covering over
71.6 KM of vehicle trajectories in 12 urban and suburban regions
in two countries. The results demonstrate the superiority of our
network.

Index Terms—Cross modality, place recognition, global
localization, modality alignment, autonomous vehicles.

I. INTRODUCTION

P LACE recognition is a challenging task for autonomous ve-
hicles. It is commonly formulated as a retrieval problem [1],

[2], [3], [4], [5], that is, given an observation from the current
place, the algorithms retrieve the matched place from a pre-built
database that consists of sensor data collected from previously
visited reference places. Place recognition serves as a key
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component for autonomous vehicle applications, such as local-
ization and mapping [6], [7], [8], [9], [10]. According to the type
of used sensors, the existing place recognition methods can be
generally classified into two classes: vision-based methods [11],
[12], [13], [14], [15], [16] and LiDAR-based methods [17], [18],
[19], [20], [21].

The typical pipeline of the vision-based methods is: candidate
places for a query image are first retrieved from a database
by the nearest-neighbor search, then the candidate places are
further re-ranked to find the best matched one with geometric
verification [12], [13]. For the nearest-neighbor search, existing
methods compare the encoded global descriptors of images by
clustering [22], [23] or pooling [24] local descriptors (e.g.,
patch or keypoint features of images). For geometric verifi-
cation, it is usually achieved by the spatial matching of local
descriptors between images [12]. However, due to the intrinsic
limitations of visual cameras, vision-based place recognition
(VPR) struggles to reliably work in visual-appearance changing
environments [25]. For example, the changes in illumination and
weather, like day/night and sunny/rainy, can cause significant
visual-appearance differences between two images even if they
are taken at the same place.

In contrast, LiDAR point clouds are more robust to visual-
appearance changes. The LiDAR-based methods use hand-
crafted features [26], [27] or learned features [1], [28] from
LiDAR point clouds to evaluate the similarity of places. They
have been widely studied in the field of autonomous driving
and navigation in large-scale outdoor environments. However,
LiDAR-based place recognition (LPR) requires every robot to
be equipped with a 3-D LiDAR sensor, thus leading to high costs
for vehicles.

To alleviate this issue, in this paper, we propose a cross-modal
place recognition network, named C2L-PR, which realizes place
recognition by matching a query image from a low-cost on-
vehicle monocular camera to a pre-built geo-referenced point-
cloud database (see Fig. 1). To this end, images are first mapped
into semantic point clouds so that the descriptors of images and
point clouds can be extracted from a similar modality. Secondly,
the point cloud is split into slices with different field-of-views
(FOVs), and then an orientation voting module is proposed to
perform slice classification to select the best-matched slice of
which FOV is closest to the semantic point cloud. Finally, the
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Fig. 1. The figure illustrates our idea of cross-modal place recognition with a visual image against a pre-built LiDAR point-cloud database. Given an on-line
query image captured by a vehicle-mounted monocular camera, a semantic point cloud is generated from the image to alleviate the modality gap to find the matched
reference point cloud in the database.

similarity between the query place and the reference place is
obtained by comparing the semantic point cloud and the point-
cloud slice.

We evaluate our cross-modal place recognition performance
in 12 urban and suburban areas of two countries from three
public datasets: KITTI [29], KITTI-360 [30], and Oxford
RobotCar [31]. Two baselines are built upon the well-known
NetVLAD [22] and PointNetVLAD [28] techniques. Exten-
sive experiments demonstrate that our C2L-PR outperforms the
baselines, baseline variants, and other state-of-the-art camera-to-
LiDAR methods, in terms of multiple evaluation metrics. Com-
prehensive efficiency analysis and ablation studies illustrate the
practicality of our C2L-PR and the effectiveness of the network
structures, loss functions, and training data. Our contributions
are summarized as follows:

1) We introduce a novel cross-modal place recognition net-
work by matching on-line visual images against a pre-built
off-line LiDAR point-cloud database. Our code and video
demo are available on the Github page1.

2) We propose a novel modality alignment module to bridge
the modality gap between visual images and LiDAR point
clouds, so that the two different modalities of data can be
compared.

3) We design a FOV selection module to reduce the ambigui-
ties caused by the inconsistent FOV between visual images
and point clouds by learning descriptor comparison and
orientation voting.

4) We create two baselines and compare them with our
network on three public datasets, covering a total of more
than 71.6 KM of vehicle trajectories from two countries.
The experimental results demonstrate our superiority over
the baselines and other camera-to-LiDAR approaches.

1Our code and video demo: https://github.com/lab-sun/C2L-PR.

The remainder of this paper is structured as follows. Section II
reviews the related work. Section III presents the details of our
proposed network. Section IV discusses the experimental re-
sults. Conclusions and future work are drawn in the last section.

II. RELATED WORK

A. Vision-Based Place Recognition

Traditional VPR methods are typically based on the bag-of-
words (BoW) algorithm [32], which clusters hand-crafted local
features of places [33], [34] into a series of visual words, and
represents places with statistical word frequency histograms.
Besides BoW, another mainstream solution is the vector of lo-
cally aggregated descriptors (VLAD) [35], [36], which preserves
the distance of local features to cluster centers and thus provides
more details when describing places. Further, NetVLAD [22]
achieves increased robustness to visual appearance changes by
reorganizing VLAD in a data-driven manner. More recently,
some researchers resort to learning local and global features
jointly to represent a place. For example, Patch-NetVLAD [12]
simultaneously learns image-level and patch-level features us-
ing NetVLAD. TransVPR [13] improves Patch-NetVLAD by
detecting task-related patches and then integrating them into
place representations. Besides, other researchers have verified
that using maps can enhance VPR performance [37]. Due to the
intrinsic limitations of visual cameras, these VPR methods all
suffer from performance degradation in illumination-changing
environments.

B. LiDAR-Based Place Recognition

Compared with visual cameras, 3-D LiDARs are robust to
illumination changes. Scan context (SC) [38] is a hand-crafted
descriptor to represent LiDAR point clouds. It reserves the
maximum height of points in each segmented point cloud block.
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Although SC only encodes the geometric information, it has
been proven to be discriminative in various scenes. Some re-
searchers further improved SC by adding intensity informa-
tion [39] and semantic context [26]. With deep learning, the
first end-to-end descriptor, PointNetVLAD [28], was proposed.
It employs deep neural networks to encode a point cloud into
high-dimensional features, and then the features are fed to the
NetVLAD module for feature aggregation. There are also some
descriptors that mix hand-crafted and learnable features, such
as MinkLoc3D-SI [18] and RINet [19].

C. Multi-Modal Place Recognition

Using multi-modal data fusion in place recognition has
demonstrated enhanced performance compared to single-modal
methods [40], [41], [42]. Oertel et al. [40] respectively extracted
2-D and 3-D features from images and point clouds, and then
fed them to fully connected layers after concatenation to achieve
multi-modal information fusion. Furthermore, Lai et al. [41]
designed an additional weight branch to evaluate the contribu-
tions of image and point-cloud features, leading to adaptive data
integration. In addition to merging modalities at the feature level,
Bernreiter et al. [42] demonstrated that multi-modal information
fusion can also be performed in the original input. Recently,
Wang et al. [43] distilled knowledge from other modalities into a
student single-modal network, so that the single-modal network
can achieve performance close to that of multi-modal methods.

D. Cross-Modal Place Recognition

Different from multi-modal place recognition that fuses data
from multiple modalities to enhance the performance, cross-
modal place recognition [44], [45], [46] retrieves matched places
with a modality of data against a database built with the other
modality of data. Recently, there is an increasing interest in
cross-modal place recognition. Mithun et al. [47] explored place
recognition from cameras to aerial LiDAR, Samano et al. [48]
realized image-to-OpenStreetMap place recognition, and Cat-
taneo et al. [49] achieved visual localization on a 3-D map
by training joint descriptors between images and point clouds.
However, these methods either require that the query and refer-
ence data have the same FOV [47], [48] or do not consider FOV
variations [49]. Different from these methods, we mitigate the
impact of FOV inconsistency between the monocular camera
and LiDAR by selecting an appropriate FOV.

The major challenge for cross-modal methods is how to
reduce the modality gap between two modals of data, so that they
can be compared and matched. The Align-to-2D strategy con-
verts 3-D point clouds to 2-D images by spherical projection [1],
[50] or rendering [47], and compares them in 2-D. However, the
Align-to-2D strategy could project multiple 3-D points onto the
same pixel and some pixels may have no projected 3-D point.
Different from Align-to-2D, we adopt the Align-to-3D strategy,
which converts different modalities of data into the same 3-D
semantic point cloud modality, so that different modalities can
be compared. In our method, each pixel has estimated depth, so
we can convert input 2-D images into 3-D point clouds.

Compared to single-modal vision-based place recogni-
tion [13], [22], the database of cross-modal camera-to-LiDAR

place recognition presents greater robustness. The image
databases of VPR methods are sensitive to environmental condi-
tions, such as changes in illumination, weather, and seasons. In
contrast, by leveraging LiDAR sensing, the point-cloud database
of our C2L-PR is robust to condition changes, meanwhile pro-
viding precise geometric details of the environment. Moreover,
compared to single-modal LiDAR-based place recognition [26],
[28] and multi-modal place recognition (MMPR) [40], [41],
our C2L-PR is cost-effective. LPR and MMPR require each
vehicle to be mounted with an expensive LiDAR sensor, and
even more types of sensors. In contrast, our cross-modal solu-
tion only requires deploying a cheap camera in each vehicle,
thereby reducing the manufacturing cost for vehicle equipment
manufacturers and being friendly to the industry.

III. THE PROPOSED METHOD

A. Method Overview

Our problem is formulated as follows: given two places that
are respectively represented by an online captured RGB image
from a vehicle-mounted camera, and an offline LiDAR point
cloud from a pre-built database, our task is to measure the
similarity between the two modalities of data to determine
whether they are from the same place. The major challenges
here are the large modality gap between image and point cloud,
as well as the large difference in terms of FOV between the two
modals of data, making them hard to be directly compared.

Fig. 2 provides the overview of our method. We can see
that our C2L-PR mainly consists of two modules: modality
alignment and FOV selection. The two modules are designed
to address two challenges: 1) The modality alignment module
reduces the modality gap between the two data by converting
them to a similar modality (i.e., semantic point cloud); 2) The
FOV selection module mitigates the FOV difference by selecting
the best-matched FOV.

B. Modality Alignment

Our modality alignment adopts the Align-to-3D strategy,
which aligns both the two input modalities into the same 3-D
semantic point cloud modality. Specifically, for the input RGB
image, we first calculate pixel depth by using the monocular
depth estimation network [51], and obtain the semantic segmen-
tation map via the semantic image segmentation network [52].
With the calculated depth data and the prior-known camera
intrinsic parameters, we apply the pinhole camera model to
construct a point cloud, in which each point corresponds to a
pixel that has valid depth information. Then, we overlay the
point cloud with the semantic segmentation map to produce the
3-D semantic point cloud.

For the input LiDAR point cloud, we find the semantic
segmentation map by using semantic point-cloud segmentation
networks. However, in our task, the input LiDAR point cloud
is from an offline pre-built database, so it is feasible to use
hand-labeled semantic ground truth instead of using semantic
segmentation. So, we directly overlay the ground truth on the
3-D point clouds to construct 3-D semantic point clouds for the
input LiDAR point-cloud data.
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Fig. 2. The pipeline of our proposed C2L-PR. It mainly consists of the modality alignment module and the FOV selection module. A LiDAR point-cloud database
is first pre-built offline. Then, our C2L-PR finds the place from the database by querying an online captured RGB image.

C. FOV Selection

The 3-D LiDAR has 360◦ FOV, while the camera has around
90◦ FOV [29]. Considering that only overlapped views con-
tribute to place recognition, we propose an FOV selection mod-
ule to select the best-matched FOV.

1) Point Cloud Slicing: Given a LiDAR point cloud P and a
view angle ϕ for slicing, we can obtain N = 2π/ϕ point-cloud
slices. The view angle θp of a point p in a point-cloud slice Pi

is within the range ϕ(i− 1) ≤ θp < ϕi, i = 1, . . ., N , where
i is the index of the slice. However, this naive slicing strategy
has a major issue, that is, there might be no slice containing the
complete FOV of the camera, if the slice does not happen to
cover the camera FOV, as shown in the left part of Fig. 3. As a
result, the LiDAR point-cloud slice can only be compared with
part of the data from the camera, making the image data not fully
utilized.

To alleviate this issue, we propose a partially overlapping
slicing strategy, in which two adjacent point-cloud slices overlap
with each other by ϕ/2. In this way, there would be a higher
chance for at least one of our slices to cover the camera FOV as
much as possible. We can now get N = 4π/ϕ slices. The view
angle θp of point p is within:

{
ϕ
2 · (i− 1) ≤ θp < ϕ

2 · (i+ 1) , i = 1, . . ., N − 1
2π − ϕ

2 ≤ θp < 2π or 0 ≤ θp < ϕ
2 , i = N

. (1)

2) Descriptor Extraction: We detect the semantic contour
of a point cloud as the object feature, and then learn a global
descriptor for place recognition. Specifically, the object feature
is extracted based on object classes and distances in a hand-
crafted manner [19]. Given a point-cloud slice or semantic point
cloud, we divide it into S smaller sectors by equally dividing the
azimuths from the bird-eye view. We select C semantic classes.
For each class in each sector, we only keep the nearest distance
between the points and the point-cloud center to build an object
feature. For example, a point-cloud slice with a 180◦ FOV can

Fig. 3. Comparison of two different LiDAR point-cloud slicing strategies,
taking the view angle ϕ = 180◦ for slicing as an example. The naive slicing
strategy gets 2 LiDAR point-cloud slices, but neither covers the full FOV of the
camera. In contrast, our proposed strategy can obtain 4 slices, by which adjacent
slices partially overlap. So, there would be a higher chance for one of our slices
to cover the camera FOV as much as possible.

be divided into 180 sectors with 1◦ for each. Considering that
we have C semantic classes, from each sector, we can extract a
vector vb ∈ RC×1, in which vab represents the nearest Euclidean
distance from the points of class a in sector b to the point-cloud
center. We concatenate these 1-D vectors into a 2-D array as the
object feature F ∈ RC×S :

F = {vab|a = 1, . . ., C and b = 1, . . ., S} ∈ RC×S . (2)

Note that vab = 0 if there is no class a in sector b. Then, we feed
the constructed object feature to the embedding sub-network to
generate a global descriptor.

Fig. 4 shows the embedding sub-network, which uses a learn-
able multi-layer structure to encode the object feature. Each
layer has a 1-D convolution layer, BatchNorm, and an attention
block to extract a feature Fx ∈ Rhx×wx , where x represents the
layer index. The output of the multi-layer structure is the global
descriptor which is obtained by aggregation and concatenation
of the features. We learn a linear projection for aggregation. A
linear projection refers to a linear transformation for the feature
by multiplying a projection factor Tx ∈ R1×wx . So, the feature
array needs to be transposed before the linear projection. After
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Fig. 4. The structure of learning-based embedding. Given an object feature, it
outputs a global descriptor. The embedding network consists of X layers. The
sizeh×w of layer output varies with different layers. Each output is aggregated
through a trainable aggregation block to yield ah× 1 vector. Then, these vectors
are concatenated to form a global descriptor.

Fig. 5. The structure of the orientation voting module. It learns to identify
the class corresponding to the closest FOV to the camera. N classes correspond
to N different FOVs. The output of the multi-layer perceptron (MLP) is the
maximum value of the matching scores, which is used as place similarity.

each aggregation, a descriptor Dx is obtained:

Dx =
(
Tx (Fx)

T
)T

∈ Rhx×1. (3)

We further concatenate these descriptors to get the final place
descriptorD ∈ R(

∑X
x=1 hx)×1. Such object-based representation

extraction combines the advantages of handcrafted descriptors
and learning-based descriptors. The former perceives the geo-
metric and semantic context of the scene, while the latter learns
a place descriptor in a data-driven manner.

3) Orientation Voting: Among the N point-cloud slices, we
find the best one of which the FOV is closest to the semantic
point cloud derived from the image. To this end, we propose
the orientation voting module, shown in Fig. 5. It treats voting
as a classification task, that is, regarding N point-cloud slices
corresponding to different FOVs as N classes. The module
learns to recognize the correct class, which corresponds to the
closest camera FOV. LetD denote the descriptor of the semantic
point cloud from the image, and Di denote the descriptor of the
point-cloud slice, where i is the index of the FOV class. For
the i-th class, the L-1 distance between D and Di is passed
through a shared multi-layer perceptron (MLP) to obtain a
score representing the likelihood of the semantic point cloud

belonging to this class. Then, the optimal class c is obtained by
taking the argmax function over all scores:

c = argmax
i

(MLP(||D,Di||1)), (4)

where the class c corresponds to the best slice Pc.
The computational complexity of our algorithm scales lin-

early with the number of point-cloud slices N . Equations (1)
and (2) are independent of N . Since adjacent slices overlap each
other by half, each 3-D point appears in only two slices and
is processed twice, meaning that the computational complexity
of (1) and (2) depends on the number of points rather than the
number of slices. Equations (3) and (4) are related toN .N slices
correspond N times of descriptor extraction using (3), and N
times of descriptor comparison in (4). So, the computational
complexity of our algorithm in terms of the number of slices is
O(N).

IV. EXPERIMENTAL RESULTS AND DISCUSSIONS

A. Implementation Details

Our C2L-PR network is implemented with PyTorch and
trained on a 12 GB NVIDIA GeForce RTX 3060 GPU. In the
modality alignment module, we use a semantic segmentation
network [52] and a depth estimation network [51] with pre-
trained weights on the KITTI dataset [29] to generate seman-
tic point clouds from camera images. In the FOV selection
module, we extract the object feature within 50 m from the
point-cloud center, and with 12 semantic classes, including
vegetation, sidewalk, building, fence, trunk, car, terrain, other
ground, pole, traffic sign, road, and parking. The embedding
sub-network consists of 6 layers. The attention block employs
a 1-D convolution to compute the importance of each semantic
class. Furthermore, we separate the semantic point cloud into 8
overlapping slices, each with a 90◦ FOV.

B. Datasets

We train and evaluate our C2L-PR on three public datasets:
1) The KITTI dataset [29], which consists of 11 sequences
(00 to 10). We select one of 5 sequences (00, 02, 05, 06, 07)
as the testing set, while the remaining 10 sequences are used
for training and validation. Each sequence is recorded in RGB
images and LiDAR point clouds, and has ground-truth poses.
The semantic labels of LiDAR point clouds come from the
semantic KITTI dataset [53]; 2) The KITTI-360 dataset [30],
which contains 11 sequences covering over 73.7 KM in several
suburban areas. Its sequence length and total number of loop
closures are approximately two times and seven times than
those of the KITTI dataset, which poses a greater challenge. To
analyze the generalizability across different datasets, we train
our network on KITTI and then test it on KITTI-360 without
any fine-tuning. Fig. 6 and Table I present the statistical com-
parison between the two datasets, from which we can find that
KITTI-360 has a much larger scale than KITTI; 3) The Oxford
RobotCar dataset [31], which contains a 10 KM data collection
route through the urban environments in central Oxford. This
route is divided into training/validation/testing sets in a ratio of
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TABLE I
STATISTICS OF KITTI AND KITTI-360

Fig. 6. Statistical comparison between the KITTI dataset and the KITTI-360
dataset. The scale of KITTI-360 is much larger than KITTI. The average number
is the average image/scan/loop number for all trajectories in Table I.

4:1:1, where the testing area is spatially non-overlapping with the
training and validation areas. We utilize KITTI for pre-training
and fine-tune the network on Oxford RobotCar to validate the
effectiveness of our C2L-PR across different datasets.

C. Evaluation Metrics

We adopt the maximum F1 score and Recall@K to evaluate
the performance of cross-modal place recognition [19]. A pre-
defined parameter ε is used to threshold the place similarity
scores to generate the recall value (Rec) and precision value
(Pre) [54]. An F1 score is calculated as [54], [55]:

F1 = 2× (Rec × Pre) / (Rec + Pre) , (5)

which indicates the ability of the algorithm to balance precision
and recall. We here take the maximum value of F1 scores.

The Recall@K metric counts the proportion of correctly
retrieved places. One correct place recognition is defined as at
least one of the K retrieved places whose distance dmn from the
ground-truth place is within a threshold τ .

Recall@K =
1

M

M∑
m=1

Λ (∃ dmn < τ, n = 1, . . .,K) , (6)

where M is the number of queries, and Λ is a function that
returns 1 if the variable is true, and 0 otherwise. τ is set to 5 m.

D. Loss Functions

We treat our task as a classification problem. Given an input
place pair (i.e., a pair of an image and a LiDAR point cloud),
we compute binary cross-entropy using the predicted place
similarity st and label yt. The binary cross-entropy loss Lbce

is the average over all samples:

Lbce =
1

Π

∑
t

− [ytlog (st) + (1− yt) log (1− st)] , (7)

where Π is the number of input samples. yt = 1 for positive
samples, and yt = 0 for negative samples. Note that a positive
sample refers to a place pair in which two places are less than
3 m, while a negative sample is greater than 20 m. The ratio of
the positive and negative samples for training is 1 : 1.

In addition, we calculate the cross-entropy loss Lce on |Pos|
positive place pairs to train FOV selection:

Lce =
1

|Pos|
∑
j

N∑
i=1

−yij log (sij) , (8)

where for the positive place pair j, yij is the ground-truth label
showing whether the point-cloud slice i is the best slice. sij
is a prediction score. Furthermore, the distance loss Ldis is
computed to force the descriptor distance dt of a positive place
pair to be closer and that of a negative place pair to be farther:

Ldis =
1

Π

∑
t

(yt · d2t + (1− yt) · max(m− d2t )), (9)

where dt is the L1 norm of two descriptors and m is a con-
stant of 0.2. The final loss is the unweighted summation of
(Lbce,Lce,Ldis).

E. Compared Methods

According to the Align-to-2D and Align-to-3D modality
alignment strategies, we construct two baseline methods: the
NetVLAD-baseline and the PointNetVLAD-baseline, based on
the popular single-modal methods NetVLAD [22] and Point-
NetVLAD [28]. The input data is converted into a similar
modality before feeding them to NetVLAD and PointNetVLAD,
as shown in Figs. 7 and 8. Besides the baselines, some baseline
variants and three state-of-the-art camera-to-LiDAR methods
are also compared with our method.

1) Baselines: The NetVLAD-baseline follows the Align-to-
2D alignment strategy. The input LiDAR point cloud is projected
spherically onto a 2-D range image and a semantic segmentation
map [1], [50]. Similarly, the input RGB image is also converted
into a 2-D semantic segmentation map [52]. We concatenate se-
mantic maps with convolutional neural network (CNN) features,
and then perform convolutional fusion. A further discussion
is presented in Section IV-H. In this way, NetVLAD can be
used to extract global descriptors for place recognition. We also
evaluate several baseline variants where NetVLAD is replaced
with PatchNetVLAD [12] and CosPlace [14], respectively.
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Fig. 7. The pipeline of the NetVLAD-baseline. We convert the input RGB
image and LiDAR point cloud into 2-D semantic images and range images.
Then, the NetVLAD network [22] is used to recognize places.

Fig. 8. Pipeline of the PointNetVLAD-baseline. We convert the input RGB
image and LiDAR point cloud into semantic point clouds using our Align-to-3D
strategy, and then sparsify them before the PointNetVLAD network [28].

In contrast, the PointNetVLAD-baseline uses our Align-to-
3D modality alignment method. Since directly implementing
PointNetVLAD to process huge point clouds could lead to high
memory cost, it is necessary to perform sparsification first.
Therefore, we randomly sample points from the point cloud be-
fore performing PointNetVLAD. The random sampling process
adopts a downsampling filter which selects 4,096 points from the
original point cloud in a uniformly distributed sampling manner.
We also build a baseline variant by replace PointNetVLAD
with Semantic Scan Context [26], a semantic point-cloud place
recognition method. Like PointNetVLAD, it needs to first align
different input modalities using our Align-to-3D strategy, and
then compare point clouds.

In the NetVLAD-baseline, the height of the range image is
determined by the highest scan of LiDAR sensing. Environ-
mental information above this highest scan is not recorded in
the range image. For this reason, in the network structure of the
NetVLAD-baseline, we use the LiDAR FOV to select the part
of the RGB image whose height is consistent with the range
image, and then compare it with the range image. Similarly, in
the structure of the PointNetVLAD-baseline, it also uses the
LiDAR FOV to perform the same operation on the RGB image.

To ensure a fair comparison, the input point clouds of the
NetVLAD-baseline and the PointNetVLAD-baseline also come
from the pre-built point-cloud database. Their semantic labels
are also given.

2) Camera-to-LiDAR Methods: We compare our C2L-PR
with three recent camera-to-LiDAR place recognition methods:

(LC)2 [56], i3dLoc [46], and I2P-Rec [45]. To align the input
modalities, (LC)2 and i3dLoc transform the input data into 2-D
perspective-view images. In contrast, I2P-Rec converts cross-
modal data into 3-D space and performs place recognition in the
bird’s eye view. In the identical testing format of 2D-to-3D place
recognition, our C2L-PR is compared to baselines, baseline
variants, and state-of-the-art camera-to-LiDAR methods.

F. Performance Evaluation

We evaluate the methods from five aspects: cross-modal
place retrieval, cross-modal positive/negative place identifica-
tion, generalization, robustness across different datasets, and
single-modal testing. Evaluations are conducted on the afore-
mentioned three public datasets: KITTI, KITTI-360, and Oxford
RobotCar.

1) Place Retrieval: Trajectories of an autonomous vehi-
cle might have loop closures. If loop closure occurs, place
recognition algorithms are expected to find the corresponding
place from the past traveled places. We test 5 sequences (00,
02, 05, 06, 07) with loop closures from the KITTI dataset. The
quantitative results in terms of the Recall@K (K = 1, 5, 10)
metric are presented in Table II, where the smaller the N , the
more strict the metric. We can see that our method outperforms
comparative methods on 4 sequences, and presents comparable
performance to the NetVLAD-baseline and CosPlace on the
KITTI-07 sequence. From the I2P-Rec paper [45], the method
cannot perform place recognition with inconsistent orientations.
That is, the original I2P-Rec requires that a vehicle must pass the
same place with the same direction every time, which conflicts
with the reality that such a revisit might occur with an opposite
direction or other directions. To handle this random direction
issue, we incorporate the proposed orientation voting scheme
into the I2P-Rec framework. After unifying place recognition
scenarios, we can observe that our C2L-PR outperforms I2P-Rec
in terms of all recall metrics. Besides, our C2L-PR considers
the importance of semantics, which also leads to better perfor-
mance than I2P-Rec that ignores semantic information. Fig. 9
displays sample qualitative results. The baselines retrieve wrong
places in some cases, while our method can retrieve the correct
places. As we can see from the first column in Fig. 9, the
NetVLAD-baseline recognizes some of correct objects, such
as tree trunks, but their locations are incorrect. This might be
due to its lack of depth estimation for the trunks. Moreover,
the PointNetVLAD-baseline can recognize large-area scene el-
ements, such as grass, but ignores smaller elements. This might
be caused by the sparsification of point clouds.

2) Positive/Negative Recognition: Given a pair of places in
two modalities, cross-modal place recognition methods should
accurately identify whether they are from the same place or
not. So, we pick all positive place pairs and some negative
place pairs with a ratio of neg-β from the testing set to evaluate
this recognition capability. From the dataset, we can construct
many more negative samples than positive samples. However,
during training, we use the same number of positive and negative
samples, such that many negative samples are not seen by the
network. Thus, during testing, negative samples will be more
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TABLE II
COMPARISON BETWEEN THE BASELINES IN TERMS OF RECALL@K (K = 1, 5, 10) (%) ON THE KITTI DATASET

Fig. 9. Quantitative comparison between our C2L-PR method and baselines. N-B and P-B represent NetVLAD-baseline and PointNetVLAD-baseline,
respectively. The first row shows query images, and rows 2-7 are the top 1 and top 2 cross-modal retrievals from different algorithms. means the correctly
retrieved place while indicates incorrectness.

difficult than positive samples, that is, the larger β, the more
challenges for the testing.

Table III reports the maximum F1 scores of different methods
for positive/negative recognition under neg-100. We can see
that our method significantly outperforms NetVLAD, Patch-
NetVLAD, CosPlace, (LC)2, PointNetVLAD, i3dLoc, Semantic
Scan Context, and I2P-Rec in terms of the mean value of
maximum F1 scores, indicating that our superior performance
in recognition accuracy. Our C2L-PR takes advantage of the
handcrafted features and learning-based descriptors, thereby
leading to better performance than the non-learning-based Se-
mantic Scan Context. Furthermore, Fig. 10 qualitatively shows
the Precision-Recall curves of our method and two baselines.
The ideal curve (i.e., best performance) is that the values of
precision and recall are approaching 1 at the same time. We can
see that our method shows better Precision-Recall curves under

TABLE III
COMPARATIVE RESULTS IN TERMS OF F1 MAXIMUM SCORES (%)

both the neg-20 and neg-100 settings, which demonstrate our
superiority over the baselines.
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Fig. 10. Precision-Recall curves of our C2L-PR method and baselines on the KITTI dataset. Neg-20 means that the number of negatives is 20 times that of
positives during testing, while neg-100 corresponds to 100 times. It shows that our PR curves are significantly better than those of NetVLAD and PointNetVLAD.

TABLE IV
GENERALIZATION EVALUATION IN TERMS OF RECALL@K (K = 1, 5, 10) (%) ON THE KITTI-360 DATASET

TABLE V
GENERALIZATION EVALUATION IN TERMS OF F1 MAXIMUM SCORES (%)

3) Generalization: To analyze the generalizability, we train
our network on KITTI and then test it on KITTI-360 without
retraining or fine-tuning. We use all the 6 sequences with loop
closures in KITTI-360, and perform the experiments of place re-
trieval and positive/negative recognition. The quantitative results
and comparison with baseline methods are shown in Tables IV
and V. We can observe that our method has higher maximum
F1 scores and Recall@K values, showing better generalization
performance than the baselines. We conjecture the reason might
be that our method has a handcrafted-feature module but the
baseline methods do not, which helps understand unseen scenes
based on prior knowledge. The prior knowledge here means
that the scene can be represented using its semantic contour (the
object feature) to a certain extent.

4) Robustness Across Different Datasets: To evaluate the
robustness across different datasets, we test our C2L-PR with
the Oxford RobotCar dataset. Since the dataset is recorded in
U.K., its environment visual appearance is quite different from
those in KITTI and KITTI-360, which are recorded in Germany.
So, we use the KITTI dataset for pre-training and then fine-tune
the network (excluding the modality alignment module) on the
Oxford RobotCar dataset. The maximum F1 scores of C2L-PR
are calculated and compared with I2P-Rec (which follows the
Align-to-2D alignment strategy) and PointNetVLAD-baseline
(which follows the Align-to-3D alignment strategy), as reported
in Table VI.

TABLE VI
COMPARATIVE RESULTS IN TERMS OF F1 MAXIMUM SCORES (%) ON THE

OXFORD ROBOTCAR DATASET

We can find that despite the estimated monocular depth hav-
ing scale variance between KITTI and Oxford RobotCar, our
network still obtains high F1 scores. The reason for this success
might be the ability of our C2L-PR to implicitly alleviate the
impact of scale variance. Specifically, the scale issue of monoc-
ular depth is characterized by a geometric scaling ratio between
the estimated depth and its actual depth. In our method, the
extraction of place descriptors and the comparison of descriptor
similarity are learnable. So, the network can implicitly mitigate
the scale issue by training and encouraging the network to output
a similarity score of 1 for descriptors from the same place,
and 0 for those from different places. Besides, the F1 scores
of our C2L-PR are significantly higher than those of I2P-Rec
and PointNetVLAD-baseline, which indicates that our method
can achieve cross-modal place recognition more robustly across
different datasets with environment visual appearance diversity.

5) 2D-to-2D and 3D-to-3D Place Recognition: Besides our
verified superior performance in 2D-to-3D cross-modal place
recognition, we also test whether C2L-PR can be used as a
single-modal method under 2D-to-2D and 3D-to-3D settings.
Notably, since C2L-PR is a cross-modal method, some structural
adjustments are necessary. Specifically, C2L-PR originally con-
verts different modality inputs (i.e., images and point clouds)
into the same modality (i.e., point clouds) with the proposed
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Fig. 11. Recall@K curves for different view angles of our point-cloud slicing strategy. 90◦ works best, while 360◦ without point-cloud slicing is the worst. This
indicates that using slices instead of the whole point cloud has better performance, and around 90◦ is the suitable slice FOV on the KITTI dataset.

TABLE VII
F1 MAXIMUM SCORES (%) OF SINGLE-MODAL PLACE RECOGNITION

PERFORMANCE UNDER 2D-TO-2D AND 3D-TO-3D SETTINGS

TABLE VIII
ABLATION STUDY RESULTS (%) ON POINT-CLOUD SLICING STRATEGIES

Align-to-3D strategy (see Section III-B and the modality align-
ment module in Fig. 2). Therefore, for the 3D-to-3D setting
where inputs are only point clouds, we remove the modality
alignment module and keep the remaining parts in C2L-PR.
For the 2D-to-2D setting where inputs are only images, we use
the Align-to-3D strategy to transform images into point clouds,
thereby converting the 2D-to-2D task into a 3D-to-3D task.

We compute the single-modal place recognition accuracy
of C2L-PR on the KITTI 00 sequence, and compare it with
NetVLAD [22], PointNetVLAD [28], MixVPR [57], and Any-
Loc [58], as shown in Table VII. It can be seen that the maximum
F1 scores of our C2L-PR are higher than those of NetVLAD,
MixVPR, and PointNetVLAD, and a little lower than Any-
Loc. This demonstrates that (i) the adjusted C2L-PR has the
ability to achieve single-modal place recognition; (ii) it has good
recognition accuracy, with comparable performance to other
single-modal methods.

G. Ablation Study

1) Ablation on Point-Cloud Slicing: We respectively use the
whole LiDAR point cloud, and point-cloud slices with different
FOV angles to test how point-cloud slicing influences the ac-
curacy of cross-modal place recognition. The F1 max scores of
the variants on the KITTI dataset are listed in Table VIII, where
the results are classified into slicing strategies: the naive slicing

TABLE IX
ABLATION STUDY RESULTS (%) ON LOSSES

strategy and our proposed strategy. The recall@K curves are
shown in Fig. 11 for qualitative comparisons.

We draw three conclusions from the above results. First, using
the whole LiDAR point cloud for cross-modal place recognition
does not perform well. In contrast, using slices of the point cloud
can significantly improve F1 max scores and Recall@K values.
Second, reducing the FOV of point-cloud slices can achieve
better place recognition, but not the smaller the better. On the
KITTI dataset, a suitable FOV is around90◦. Third, our proposed
strategy brings more gains to place recognition than the naive
strategy, which is verified by its higher F1 max scores. This
is due to our strategy guaranteeing a point-cloud slice whose
FOV roughly covers the camera FOV. However, with the naive
strategy, the network may fail to recognize the places if the
camera FOV lies between two point-cloud slices. In this case,
none of point-cloud slices is sufficiently similar to the semantic
point cloud from the image.

Furthermore, in Fig. 12, we visualize place descriptors of the
input image, the whole LiDAR point cloud, and the point-cloud
slice at the same place. Fig. 12 shows that compared with the
whole LiDAR point cloud, the point-cloud slice has a descriptor
that is closer to the image. This is because the whole point cloud
has many 3-D points outside the image FOV. These points have
no corresponding pixels in the image, causing the descriptor of
the whole point cloud to be different from the descriptor of the
image. In contrast, the point-cloud slice has fewer points outside
the image FOV, resulting in a more similar descriptor.

2) Ablation on Losses: We test different losses and their
combinations to investigate their contributions. Table IX shows
that binary cross-entropy loss Lbce is more effective than the
cross entropy loss Lce and the distance loss Ldis, because it
employs stronger supervision with 0/1 labels for training, that
is, directly judging whether the given two places come from the
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Fig. 12. Visualization of place descriptors. Given a place, we visualize its descriptor vector from a single image, a whole point cloud (360◦), and a point-cloud
slice (90◦), respectively. In a descriptor vector, the value of each element is visualized in grayscale images. We locally zoom in the descriptor vector. It can be seen
that point-cloud slices have descriptors that are closer to those from images than the corresponding whole point clouds.

TABLE X
TRAINING DATA ANALYSIS IN TERMS OF RECALL@K (K = 1, 5, 10) (%) ON THE KITTI DATASET

same place or not. Notably, any combination of the two losses
can obtain a higher mean F1max score than that of using a single
loss. Furthermore, jointly employing all three losses can achieve
the best recognition performance.

Following the previous work [59], [60], [61], we construct bi-
nary place pairs and train the network using binary cross-entropy
loss. Another common way to train the network is building
triplet place groups and utilizing triplet loss as in the work [1],
[62]. To compare these two training methods, we conduct an
ablation study experiment of which the quantitative results are
reported in Table XI. We can find that the binary training (using
binary cross-entropy loss) and the triplet training (using triplet
loss) have close average recognition accuracy. However, when
combining the distance lossLdis and the cross-entropy lossLce,
the accuracy of the binary training is improved, but the perfor-
mance of the triplet training is degraded. This demonstrates that
the binary cross-entropy loss is compatible with Ldis and Lce.
Combining them together can achieve higher place recognition
accuracy.

3) Ablation on Training Data: There are two types of FOV
slice data for training the network. The first is exact-FOV slices,
which are generated according to the poses of autonomous
vehicles. The second is approximate-FOV slices created by
employing our slicing strategy. The network is trained with these
two types of slices, and their place recognition performance is
compared, as reported in Table X. Furthermore, to mitigate pos-
sible overfitting of exact FOV, we implement data augmentation.
Specifically, exact-FOV slices are randomly masked by setting
10% and 20% of the data to 0 respectively, corresponding to
rows 4 and 5 in Table X.

TABLE XI
ABLATION ON THE TRIPLET TRAINING AND THE BINARY TRAINING (%)

It can be observed that a mask with an appropriate proportion
only slightly improves network accuracy. If we continue to
increase the mask proportion, the network performance would
be degenerated. This indicates that the overfitting may not hap-
pen in exact-FOV slices. Furthermore, the recall values using
exact-FOV slices or performing data augmentation are generally
lower than those using approximate-FOV slices, demonstrat-
ing that training with approximate-FOV slices is better. The
reason is that training with approximate-FOV slices ensures
the consistency of FOV settings during training and testing.
Particularly, in practical applications, vehicles often revisit the
same place in different directions. This means that the FOVs
of passing the same place twice are often approximated, but
not exactly matched. If we use exact-FOV slices for training,
the trained network would have the ability to identify exact-
FOV slices, but may assign a low score to the target slice of
which the FOV is just approximated but not perfectly matched,
thus leading to place recognition mistakes. In contrast, we use
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Fig. 13. Visualization of positive and negative samples. Given a place, its positive places are less than 3 m away, while the negative places are beyond 20 m. As
can be seen, the negative places have more environmental differences from the query place than the positive places. The coordinates of places on the pre-built map
are listed in the table above them.

Fig. 14. Impact of distance thresholds of negative samples on cross-modal
place recognition.

approximate-FOV slices for training to enable the network to
recognize approximate FOVs, so that it guarantees the same
FOV setting throughout the training and testing phases. That is,
during training, the network learns to identify approximate-FOV
slices, and during testing, the network also aims to recognize
slices with similar FOVs.

4) Ablation on Threshold Parameters: We set the distance
threshold for positive samples to 3 m and that for negative sam-
ples to 20 m. The visualization of positive and negative samples
is shown in Fig. 13. We can see that there are more consistent
environmental contents in positive places than in negative places.
Our threshold choice follows [2], [26]. Notably, it can keep two
places in a negative sample far away from each other to match
the label value of 0. In other words, two places in a negative
sample have a similarity score close to 0. This is consistent
with the negative label of 0. Fig. 14 quantitatively reports the

impact of different negative-sample distance thresholds on the
network performance. The F1 maximum scores show that using
a distance threshold of 15 m or above is better than using a
threshold of 5 m or 10 m. This indicates that negative places need
to be sufficiently far away. One of the recommended distance
thresholds is 20 m.

Furthermore, we also test the network performance under
other τ thresholds besides τ = 5. Table XII shows that our
method has higher recall scores than the baseline methods at
τ = 1, 3, 10, which illustrates the effectiveness of our network
under different τ threshold choices.

5) Ablation on Two-Step Descriptor Extraction: The de-
scriptor extraction is a two-step process. The first step utilizes a
handcrafted extractor to detect the geometric and semantic con-
tour of the scene as a handcrafted feature. The second step uses a
learnable embedding sub-network to transform the handcrafted
feature into a compact descriptor. We perform an ablative study
to analyze the importance of combining geometric and semantic
information as well as the effectiveness of two-step extraction.
The qualitative experimental results are presented in Fig. 15. We
can see that scene contours and visualized handcrafted features
have richer content, and thus become more distinguishable when
both geometry and semantics are considered. The quantitative
results are reported in Table XIII, showing F1 max scores
of using different descriptor variants on the KITTI dataset.
Table XIII reveals that: 1) two-step descriptor extraction has
higher cross-modal place recognition accuracy than one step;
2) adding semantic information leads to higher F1 max scores,
indicating that semantics could be helpful to recognize places.

Another ablation experiment is conducted to evaluate the
necessity of our two-step descriptor design. We project the point
cloud into a BEV image, followed by a NetVLAD layer to extract
the CNN descriptor. This CNN descriptor is then compared
with our two-step descriptor, as illustrated in Table XIII. It can
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TABLE XII
EFFECTIVENESS ANALYSIS (%) OF OUR NETWORK UNDER DIFFERENT τ THRESHOLD CHOICES

Fig. 15. Visualization of scene contours and handcrafted features. When com-
bining geometric and semantic information, the scene contours and handcrafted
features become more distinguishable.

TABLE XIII
ABLATION STUDY RESULTS (%) ON DESCRIPTOR EXTRACTION

be observed that the two-step descriptor achieves higher F1
max scores than the CNN descriptor, indicating higher place
recognition accuracy. This demonstrates the necessity of the
two-step descriptor design, which is better than the CNN de-
scriptor design. We consider that the superiority of the two-step
design comes from combining the advantages of handcrafted
descriptor extraction and CNN descriptor extraction. The former
explicitly perceives the geometric and semantic contour of the
scene, while the latter further extracts a place descriptor in a
data-driven manner.

Fig. 16. Histogram of F1 scores for different similarity calculation methods.
The cross-modal place recognition performance based on learnable MLP simi-
larity is significantly higher than that based on hand-crafted cosine similarity.

TABLE XIV
PLACE RECOGNITION ACCURACY (%) USING VARIOUS MONOCULAR DEPTH

ESTIMATES

6) Ablation on Similarity Measurement: Cosine similarity is
a hand-crafted similarity measurement that evaluates the similar-
ity between two descriptors by inner product. In contrast, MLP
similarity is a learnable similarity measurement that employs
a multilayer perceptron to infer descriptor similarity. Fig. 16
provides a quantitative comparison of cross-modal place recog-
nition F1 scores using cosine similarity and MLP similarity,
respectively. The testing sequences come from 5 suburban areas.
It can be clearly observed that using MLP similarity leads
to higher F1 scores than cosine similarity. This indicates that
the learnable measurement can more effectively compare place
similarity than the hand-crafted measurement.

7) Ablation on Depth Estimation: We evaluate the place
recognition accuracy of the algorithm variants using four other
monocular depth estimation methods, namely DPT [63], Met-
ric3D [64], iDisc [65], and the improved version of DPT, MS-
DPT [66]. The place recognition accuracy is evaluated on the
KITTI dataset, and the mean F1 scores are reported in Table XIV.
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TABLE XV
RECOGNITION ACCURACY (%) OF NETVLAD-BASELINE VARIANTS

Fig. 17. Feature map visualization. Rows 2 and 3 visualize the activations of
buildings. Rows 4 and 5 visualize the activations of road. The red boxes indicate
errors. The early fusion directly merges the semantic map and the original image.
The middle fusion integrates the semantic map with the CNN output of the
original image.

We can find that different depth estimation methods yield close
F1 scores, indicating that the impact of using various state-of-
the-art monocular depth estimation methods is limited for place
recognition performance. Among them, the depth estimation
method we use [51] outperforms the others.

H. Discussions on NetVLAD-Baseline

1) Semantic Map Fusion: Different embedding positions of
semantic maps influence network performance. Early fusion first
merges the original image and the semantic map together, and
then feeds them into the feature extraction CNN. In contrast,
middle fusion concatenates the semantic map and original image
features, and then performs convolutional fusion. Table XV
quantitatively shows that the place recognition accuracy of the
middle fusion (done by NetVLAD-baseline) is higher than that
of the early fusion. We think the reason could be that the semantic
map comes from the decoupling of image features, thus it is
reasonable to embed the semantic map at the feature level, which
can guide more accurate feature generation. Fig. 17 intuitively
visualizes some of the feature maps that are fed to the NetVLAD
module. Rows 2 and 3 visualize the activations of buildings.
Rows 4 and 5 visualize the activations of road. It can be seen
that the middle fusion obtains accurate and smooth features,
while the early fusion has more errors.

Fig. 18. Samples of morphological operation results. The second row shows
the semantic maps projected from the sparse LiDAR data, suffering from defects
such as gaps and holes. The third row shows the results after the morphological
operations. The red and yellow arrows respectively point to defective regions
that can and cannot be correctly repaired.

2) Defect Filling: Due to the sparsity of LiDAR point-cloud
data, directly projecting LiDAR data onto 2-D images will
result in some pixels without corresponding 3-D points, causing
defects such as gaps and holes in the 2-D images. This is an
inherent limitation of the Align-to-2D strategy. We apply mor-
phological operations and feed the repaired images as input into
the network. The quantitative results are displayed in Table XV.
Besides, taking as an example the semantic maps, Fig. 18 qual-
itatively shows the samples of morphological operation results.
We can see from Table XV that using the repaired images cannot
improve the recognition accuracy of the baseline. This is because
although the morphological operations are able to fill gaps and
small holes correctly (pointed by the red arrows in Fig. 18), it
cannot handle the holes whose contents are beyond the LiDAR
sensing range (pointed by the yellow arrows in Fig. 18). In other
words, we cannot accurately obtain the missing content away
from the vehicle. So, defect filling through the morphological
operations could not improve cross-modal place recognition
performance of the baseline.

I. Robustness of Cross-Modal vs. Visual Methods

Robustness analysis of cross-modal and visual methods is
performed on the Oxford RobotCar dataset. This dataset records
the same driving route through Oxford multiple times, which
undergoes significant appearance changes caused by varying
illumination and weather, therefore being challenging. We eval-
uate the accuracy of cross-modal and visual place recognition
under two scenarios: (1) when the vehicle first drives in the night
and then passes the same place during the day, and (2) when the
vehicle first travels in the rain and then revisits the same place
on a sunny day. The F1 maximum scores of cross-modal and
visual methods are reported in Table XVI. Table XVI shows
that the cross-modal method achieves higher scores than the
visual methods, indicating more accurate place recognition dur-
ing environmental appearance changes. This is because LiDAR
sensing in the cross-modal method is less sensitive to illumi-
nation and weather than images, allowing it to record accurate
point clouds of environments under adverse conditions (such
as rainfall and low light). Consequently, to a certain extent,
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TABLE XVI
ROBUSTNESS COMPARISON OF VISUAL PLACE RECOGNITION VS.

CROSS-MODAL PLACE RECOGNITION

TABLE XVII
ANALYSIS OF COMPUTATIONAL COST

cross-modal place recognition is more robust than visual place
recognition.

J. Efficiency of Camera-to-LiDAR Place Recognition

1) Computation Cost: We calculate the computation cost
of the network on the KITTI 00 sequence, and evaluate its
correlations with the number of point-cloud slices and place
recognition accuracy. The computation cost includes memory
usage, floating point operations (FLOPs), and running time.
As indicated in Table XVII, more slices result in only a slight
increase in memory usage. This slight increase is primarily due
to the adjacent slices having a 1/2 overlapping region, so that
each 3-D point in the point cloud is processed twice, regardless
of the number of slices. The slight memory increase mainly
comes from caching more vectors to feed the orientation voting
module. In summary, the number of slices has a limited impact
on memory usage. As for FLOPs, although it changes obviously,
the algorithm remains efficient, thanks to GPU hardware accel-
eration. It takes 0.234 seconds to compare an input place with
1,024 candidate places under a 12-slice setting. In contrast, there
is a strong correlation between place recognition accuracy and
the number of slices. 8 slices correspond to the highest accuracy
because, at this time, the FOV of the slice approximates to that
of the camera. On the one hand, if the slice FOV is too large, 3-D
points beyond the camera FOV would have no matching pixels in
the image. These unmatched points would become noises when
comparing the similarity between the slice and the image. On the
other hand, a slice with a small FOV cannot comprehensively
describe the environment. Therefore, the recommended number
of slices is 8, which achieves a good balance among memory
usage, FLOPs, running time, and recognition accuracy.

2) Space and Time Complexity Comparison: We compare
our space and time complexities with other methods. The space
complexity involves FLOPs and GPU memory consumption,
which indicate the scale of a method. The time complexity
involves the running time. Table XVIII reports the quantitative
results of these methods on the KITTI 00 sequence. It can be

TABLE XVIII
COMPARISON OF THE SPACE COMPLEXITY AND TIME COMPLEXITY

Fig. 19. Plot of algorithm runtime cost versus offline database size. We can
see that the plot clearly indicates the running time cost is generally proportional
to the database size.

observed that (i) all methods have acceptable GPU consumption,
allowing to allocate some GPU memory for other autonomous
driving tasks. (ii) Our method has smaller FLOPs and uses less
GPU memory, demonstrating lower space complexity. This is
because we use lightweight 1D convolution to learn descriptor
extraction instead of 2D convolution. (iii) The running time
of our method outperform those of the NetVLAD-baseline,
PointNetVLAD-baseline, and I2P-Rec. This is due to, on the
one hand, compared with NetVLAD-baseline and I2P-Rec, our
descriptor extraction uses 1D convolution instead of 2D con-
volution; and on the other hand, compared to PointNetVLAD-
baseline, we only describe and represent the contour, rather than
each point in the scene, thus reducing the time complexity.

3) Runtime and Pre-Built Map: We test the running time of
our proposed method on a GeForce RTX 3060 GPU. We evaluate
the relationship between the algorithm running time cost and the
database size during place retrieval, as illustrated in Fig. 19. The
offline database is a pre-built map composed of semantic point
clouds. We can observe that the running time cost (mainly the
place traversal time cost) is roughly proportional to the database
size. This is because given a query place, all the candidate places
in the database need to be traversed to retrieve the matching
place. Consequently, a larger database entails more time. The
map size we recommend could be less than 2,300 place samples
(approximately a 2 KM vehicle motion trajectory), which takes
a reasoning time cost of less than 0.5 s.

V. CONCLUSION AND FUTURE WORK

We proposed the C2L-PR network to achieve cross-modal
place recognition using RGB images and LiDAR point clouds. A
modality alignment module was proposed to reduce the modality
gap by converting input data to a similar modality. Additionally,
a FOV selection module was designed to alleviate the issue
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of FOV inconsistency between the image and the point cloud.
The experimental results demonstrate our superior performance
in Recall@K values, F1 max scores, Precision-Recall curves,
generalization capability, and various datasets. Furthermore, the
ablation study and efficiency analysis substantiate the effective-
ness of our network architecture, loss functions, training data,
etc.

Our cross-modal place recognition method still has some
limitations. For instance, for resource-limited vehicles, it is
challenging to deploy huge maps. Besides, our place traver-
sal time consumption is proportional to the database size. To
overcome these limitations, we consider that studying map
compression technology and efficient place recognition on the
compressed map are promising and valuable directions for future
research. Furthermore, in the future, we would like to improve
our method for dynamic environments, such as complex urban
cities. This would be more challenging because many moving
objects may disturb our network. In addition, we will investigate
viewpoint-free place recognition that can handle both horizontal
and vertical FOV inconsistencies.
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