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Abstract

We present CROSSLOC3D, a novel 3D place recognition
method that solves a large-scale point matching problem in
a cross-source setting. Cross-source point cloud data cor-
responds to point sets captured by depth sensors with dif-
ferent accuracies or from different distances and perspec-
tives. We address the challenges in terms of developing
3D place recognition methods that account for the repre-
sentation gap between points captured by different sources.
Our method handles cross-source data by utilizing multi-
grained features and selecting convolution kernel sizes that
correspond to most prominent features. Inspired by the dif-
fusion models, our method uses a novel iterative refinement
process that gradually shifts the embedding spaces from dif-
ferent sources to a single canonical space for better metric
learning. In addition, we present CS-CAMPUS3D, the first
3D aerial-ground cross-source dataset consisting of point
cloud data from both aerial and ground LiDAR scans. The
point clouds in CS-CAMPUS3D have representation gaps
and other features like different views, point densities, and
noise patterns. We show that our CROSSLOC3D algorithm
can achieve an improvement of 4.74% - 15.37% in terms
of the top 1 average recall on our CS-CAMPUS3D bench-
mark and achieves performance comparable to state-of-the-
art 3D place recognition method on the Oxford RobotCar.
The code and CS-CAMPUS3D benchmark will be available
at github.com/rayguan97/crossloc3d .

1. Introduction
Place recognition is an important problem in com-

puter vision, with a wide range of applications including
SLAM [21], autonomous driving [6], and robot naviga-
tion [25], especially in a GPS-denied region. Given a point
cloud query, the place recognition task will predict an em-
bedding such that the query will be close to the most struc-
turally similar point clouds in the embedding space. The
goal of place recognition is to compress information from a
database with a location tag and find the closest data point
from the database given a query, which is essentially an in-
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Figure 1: CROSSLOC3D: Our method processes cross-
source point clouds into a better, shared embedding, which
achieves a better retrieval outcome in a cross-source setting.

formation retrieval task on a global scale.
In this paper, we deal with the problem of 3D cross-

source place recognition, as illustrated in Fig. 1. The goal
of 3D cross-source place recognition in the context of aerial
views and ground views is extremely challenging and not
well-studied in the field [13]. There are two aspects of
cross-source data that result in additional challenges: cross-
view and data consistency. First, the perspective differences
between aerial and ground datasets would cause partial
overlap of the scans, leading to a lack of point correspon-
dences. Second, there may be no data consistency between
sources, which will cause representation gaps. The chal-
lenge of using multiple sources of data is primarily related
to the different nature and fidelity of sensors. It is harder
to match the 3D point clouds from different sources [13]
than it is to perform similar matches between the 2D im-
ages captured from the same locations, or even point clouds
captured only by ground or aerial sensors. When differ-
ent kinds of LiDAR sensors or the same kind of LiDAR at
different distances, capture scans at the same location, the
data is significantly different. 3D cross-source data is point
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Figure 2: Representation gap between aerial and ground sources: We use the bounding box with the same color to focus
on the same region and highlight the differences between aerial (left) and ground (right) LiDAR scans. Scopes (cyan): The
aerial scans cover a large region, while ground scans cover only a local area. Coverages (green): The aerial scans cover the
top of the buildings, while ground scans cover more details on the ground. Densities (blue): The distribution and density of
the points are different because of various scan patterns, effective ranges, and fidelity of LiDARs. Noise Patterns (red): The
aerial scans have larger noises, as we can see from a bird-eye view and top-down view of a corner of the building.

cloud data captured by different depth sensors and differ
significantly in terms of scope, coverage, point density, and
noise distribution pattern, as shown in Fig. 2. We need a
method that can better close the representation gap between
the two sources by converting features in different embed-
ding spaces to a common embedding space.

While the problems of localization and point-set registra-
tions are well-studied, there is relatively less work on cross-
source localization. Ge et al. [33] propose a localization
method using point cloud data from both the air and the
ground sensors. However, this method relies on semantic
information for accurate 2D template matching; in addition,
their data is private. To the best of our knowledge, there are
no existing works that only utilize raw point information
obtained from both ground and aerial LiDAR sensors and
there are no known open datasets for such applications.
Main Results: In this paper, we propose a novel 3D place
recognition method that works well on both single-source
and cross-source point cloud data. We account for the rep-
resentation gap by using multi-grained features and select-
ing appropriate convolution kernel sizes. Our approach is
inspired by the diffusion model [11, 23] and cold diffu-
sion [4] and we propose a novel iterative process to refine
multi-grained features from coarse to fine. We also propose
a novel benchmark dataset that consists of point cloud data
from both ground and aerial views. The novel aspects of
our approach include:

1. We propose CROSSLOC3D, a novel place recognition
method that utilizes multi-grained voxelization and
multi-scale sparse convolution with a feature selection
module to actively choose useful features and close the
representation gap between different data sources.

2. We propose an iterative refinement process that shifts
the feature distributions of various input sources to-
ward a canonical latent space. We show that start-
ing the refinement process from the coarsest features,
which are most similar across different sources, toward
the finer features, leads to better recall compared to
doing it in the reverse order or simply concatenating
features from different resolutions.

3. We present the first public 3D Aerial-Ground Cross-
Source benchmark in a campus environment, CS-
CAMPUS3D, which consists of both aerial and ground
LiDAR scans. We collect ground LiDAR data on mo-
bile robots and process the aerial data from the state
government into a suitable format to cross-reference
the ground data. The dataset and code will be publicly
released and made available for benchmark purposes.

We have evaluated CROSSLOC3D and other state-of-the-art
3D place recognition methods on the CS-Campus3D dataset
and observe an improvement of 4.74% - 15.37% in terms
of the top 1 average recall. Additionally, we observe that
CROSSLOC3D achieves close to 99% in terms of top 1%
average recall on Oxford RobotCar [20] and performs com-
parably, within a margin of 0.31%, to the SOTA methods on
the traditional single-source 3D place recognition task.

2. Related Work
2.1. 2D and 3D Place Recognition

Place recognition is finding a match for a query po-
sition among a database of locations based on its traits
and features. Image-based place recognition [36] has been
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well-studied using Vector of Locally Aggregated Descriptor
(VLAD) approaches [16, 3, 2] and has been extended into
3D domains. As the first point-based method for large-scale
place recognition, PointNetVLAD [27] uses PointNet [22]
as a feature extractor for the NetVLAD [2] and has been
evaluated on the Oxford RobotCar [20] dataset. Since the
creation of this benchmark, many other methods have been
developed with improved performance [7, 17, 30, 8, 15].

2.2. Multi-View Localization

Multi-view localization utilizes different perspectives as
inputs for localization and has been widely studied, espe-
cially in the context of image-based geo-localization [38,
26, 34, 37, 9, 31]. Gawel et al. [9] use semantically seg-
mented images from both the air and the ground to build
a semantic graph for localization on a global map. Xia et
al. [31] approach such cross-view localization tasks from
the probabilistic perspective on the satellite image instead
of as an image retrieval objective. [24] proposes a method to
combine local LiDAR sensors with an occupancy map ob-
tained from overhead satellite imagery for place recognition
and pose estimation. In addition, Ge et al. [33] convert both
aerial and ground LiDAR into 2D maps and utilize semantic
and geometric information for 2D template matching.

2.3. 3D Cross-Source Matching

3D cross-source matching has been studied under the
context of point-level registration. Huang et al. [13] present
a 3D cross-source registration dataset consisting of indoor
point clouds captured from either Kinect or LiDAR or cal-
culated from 3D reconstruction algorithms from 2D im-
ages [28] as different sources. This benchmark poses many
challenges due to noise, partial overlap, density difference,
and scale difference. To deal with the lack of correspon-
dences caused by noise and density differences, Huang et
al. [12] propose a semi-supervised approach to improve
the robustness of the registration. In the presence of par-
tial overlap and scale difference of the two matching point
clouds, Huang et al. [14] propose a coarse-to-fine algorithm
to gradually finalize the candidate of the match. In our con-
text, the challenges are similar in terms of the points repre-
sentation gap, but our problem introduces more difficulties
due to the discrepancy caused by perspective differences in
the data captured from aerial and ground viewpoints. In ad-
dition, the existing cross-source benchmark [13] focuses on
point-level registration of indoor objects, while our bench-
mark focuses on outdoor large-scale place recognition.

3. Problem Definition

Let query Qg be a set of 3D points in a single frame cap-
tured by a LiDAR sensor Lg from the ground represented
in its relative coordinate. The range radius of Lg is r.

Let Ma be a large-scale 3D point cloud map consist-
ing of multiple frames captured by a LiDAR sensor La

from the aerial viewpoint. The global point cloud map
Ma is divided into a collection of M overlapping submaps
Da = {m1,m2, ...mM}, where the center of the submaps
is uniformly spaced at a distance of d and with an area of
coverage (AOC) of A. The parameters d and A are chosen
so that |mi| ≪ |Ma| and A ≈ πr2.
Definition. Given a query Qg and a database Da, the goal
is to retrieve the submap mi ∈ Da whose coverage includes
the location L at which Qg is captured in map Ma.
Approach. Our network takes a set of points Qg as in-
put and learns a function f(.) that maps Qg to a feature
vector vg . For mi,mj ∈ Da, we expect f(.) to satisfy
d(f(Qg), f(mi)) < d(f(Qg), f(mj)) if Qg is structurally
similar to mi but dissimilar to mj . The 3D place recogni-
tion task can be defined as finding the submap m∗ ∈ Da

such that d(f(Qg), f(m∗)) < d(f(Qg), f(mi)),∀i ̸= ∗.
Unique Setting. Compared to previous 3D place recogni-
tion tasks in which all data are collected from the same plat-
form, our data are mixed with two different sources from
both aerial scans and ground scans, which leads to cross-
localization problems. This setting poses a unique chal-
lenge due to the differences in cross-source data as indicated
in Fig. 2. Under this setting, most existing 3D place recog-
nition methods [27, 19, 39, 32] lead to poor performance
and low recall, as shown in Table. 3.

4. Method

4.1. Overview

Our network, CROSSLOC3D, takes a point cloud as in-
put and outputs a global descriptor such that two sets of
structurally similar points have closer global descriptors.
Our proposed architecture consists of three stages: 1) multi-
grained feature extraction with feature selection, 2) an iter-
ative refinement model accounting for distribution shift be-
tween different sources, and 3) a NetVLAD [2], as shown
in Fig. 3. The network needs to approximate a function
with inputs from both ground and aerial sources, which do
not have any exact point correspondence or similar noise
distributions. During training, we use lazy triplet margin
loss [27], which is commonly used for place recognition.

4.2. Multi-grained Features with Selection

We process the point cloud patches into a uniform size
and extract their multi-scale features at different voxeliza-
tion sizes. The purpose of the module is to accommodate
data from different sources by obtaining features in dif-
ferent granularities and selecting their respective dominant
features. Let p ∈ {{Qg},Da} ⊆ Rn×3 be a patch from
either ground or aerial sources and down-sampled to size n.
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Figure 3: Architecture of our network CROSSLOC3D: Our network consists of three parts: multi-grained feature selection,
iterative refinement, and NetVLAD. First, we run the points through multi-grained voxelizations and several streams of sparse
convolution operations with different kernel sizes. We use feature selection to choose the best field of view and keep the
corresponding features F̂i for each voxelization Vi. Second, we perform an iterative refinement process to obtain a set of
local features F̄ . Finally, the NetVLAD [2] module will produce the global descriptor Fg by aggregating local features F̄ .

Multi-grained Features: First, we perform L voxeliza-
tion on p with different resolutions {r1, r2, ..., rL| ∀ 0 ≤
i < j < L, ri < rj} and obtain a list of voxel sets
V1, V2, ..., VL. A series of sparse convolution operations,
batch normalization, and activation is performed on each
voxel set Vi. After that, we use sparse convolution with 5
different field of viwes 1, 3, 5, 7, 9 to obtain a multi-scale
feature Fi ∈ R5×Ni×Dv from Vi, where Ni is the number
of voxels in Vi and Dv is the feature dimension.
Feature Selection: Given the multi-scale feature Fi, where
i = 1, 2, ..., L for each voxel grain, we may have some re-
dundant information from different quantization sizes and
scopes of the kernels. In addition, when the input points are
from one source, a specific quantization size coupled with
a specific field of view could work better when the input is
from another source. As a result, we add another feature
selection module that can choose the best field of view for
each feature Fi based on a confidence score. We can obtain
the feature after selection:
F̂i = Fi[ topk( softmax( g(Fi), dim = 0), k = ks) ], (1)

where g(.) is a learnable function by a few layers of convo-
lutions, ks is the number of features to select (0 < ks ≤ 5),
and F̂i ∈ Rks×Ni×Dr for some feature size Dr.

Using a large voxel size can lose information, but it pro-
vides some flexibility in matching when one source has
a different noise pattern or density from another source.
With feature selection, we want to keep the best informa-
tion obtained from multi-grained quantizations and multi-
scale kernels.

Note that during inference, the database can be computed
ahead of time, and only the query point needs to be passed

through the network. The increase in run-time can be negli-
gible given the amount of improvement from the proposed
CROSSLOC3D, as shown in Table. 4.

4.3. Iterative Refinement

Inspired by diffusion model [11, 23, 4], we hope to
close the representation gap between different sources, by
gradually learning a distribution shift towards a canonical
space at each refinement step in the training process. Let
F̂ = permute([F̂1, F̂2, ..., F̂L])), where F̂ [i] ∈ Rks×N̂i×Dr

and permute(.) gives control over the order of refinement
process. Note that only when the original order is main-
tained, Ni = N̂i for all i. For simplicity of the notations,
we assume the ascending order of F̂ and Ni = N̂i.

Let ri(.) : A → A be a refinement function at step i,
where L is the total number of steps for the refinement and
A ⊆ Rks×∗×Dr . Let F̃1 = r(F̂ [1]) be the first step of the
refinement, then for 1 < i ≤ L, F̃i is defined as follows:

F̃i = r(concate(
[
F̃i−1, F̂ [i]

]
, dim = 1)), (2)

where F̃i ∈ Rks×
∑i

j=1 Nj×Dr .
The final output of the refinement at step i is defined as:
F̄i = concate(

[
F̃i, F̂ [i+ 1], ..., F̂ [L]

]
, dim = 1) (3)

After L steps of iterative refinement, we can obtain
F̄i ∈ Rks×N×Dr , where N =

∑L
j=1 Ni. We concate-

nate all F̄i along the feature dimension and reshape it to
get F̄ ∈ RN×Dg , where Dg = ks ×Dr × L.
Refinement Function: r(.) function is implemented with
a series of External Attention (EA) [10] blocks, where each
block is considered a substep of the refinement. Instead of
using features to generate query, key, and value tensors, the
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EA block only uses a single stream for query input and uses
internal memory units to generate attention maps, which
leads to strong performance with only linear time complex-
ity. Please refer to EANet [10] for more details.
Time Embedding: At step i, there are multiple substeps
within ri(.). For each substep j, we add a learnable sinu-
soidal positional embedding to the iteration. Let t = iL+j,
then the positional embedding is defined as follows:

PE(t) = concate(
[
t, sin(2πwt), cos(2πwt)

]
) , (4)

where w is a learnable parameter. PE(t) is directly added
to the input features after a few linear and activation func-
tions.

The diffusion models [11, 23] use a deep neural network
to learn a small distribution shift between two consecutive
steps. Although the fundamental theory of the diffusion
process is based on the assumption of Gaussian noise in
the forward process, Bansal et al. [4] show that the process
can be learned even when the degradation is completely de-
terministic. We want to simulate a deterministic function
that shifts different feature distributions caused by different
sources to a common canonical space. Ideally, at the later
stage of the refinement, the features from different sources
should be in a better embedding space for similarity mea-
surement. We provide more analysis in Sec. 6.4.

4.4. Vector of Locally Aggregated Descriptors

NetVLAD [2] (Network Vector of Locally Aggregated
Descriptors) is a deep neural network architecture that is
commonly used in image-based or point-based place recog-
nition tasks. Due to its permutation invariant property, the
NetVLAD layer takes in a set of local feature descriptors
and outputs a fixed-length global descriptor that encodes in-
formation about the entire input. It learns K cluster centers
and uses the sum of residuals as global feature descriptors
based on cluster assignment.

Let F̄ = {x1, x2, . . . , xN} ∈ RN×Dg be a set of lo-
cal feature descriptors from the iterative refinement step.
Let C = {c1, c2, . . . , cK} ∈ RK×Dg be a set of cluster
centroids of the same dimension Dg . The global feature
Fg ∈ RDg×K is computed as follows:

Fg(j, k) =

N∑
i=1

ak(xi)(xi(j)− ck(j)) , (5)

where ak(xi)=
e−α||xi−ck||2∑
k′ e

−α||xi−c
k′ ||2

is the soft assignment

function and α is a temperature parameter that controls the
softness of the assignment. Note that the NetVLAD layer
can be trained end-to-end with similarity loss between the
global descriptors of different inputs.

4.5. Triplet Margin Loss for Metric Learning

We train the embedding function f(.) with a lazy triplet
margin loss [27]. Let T = {pA, {ppos}, {pneg}} be a train-
ing triplet, where pA, {ppos} and {pneg} denote the anchor

point cloud, a set of positive point clouds that are struc-
turally similar to pa, and a set of negative point clouds that
are dissimilar to pa, respectively. For more efficient train-
ing, we use a hard example mining technique [29] to get
hard positives and negatives in the triplet. The lazy triplet
loss is formulated as follows:

Llazy(T , α) = max(0, δpos − δneg + α), (6)
where α is a constant margin parameter, δpos =
D(f(pA), f(ppos)) and δneg = D(f(pA), f(pneg)) for
some distance function D.

Based on the lazy triplet margin loss, the similarity of the
point cloud is based on the distance of the output embed-
ding defined by distance function D. During inference, we
calculate the distance between the database embedding and
query embedding to retrieve the predicted neighbors based
on the ranking of the distance.

5. CS-Campus3D Dataset

In this section, we present a novel CS-CAMPUS3D
benchmark for cross-source 3D place recognition task.
The CS-Campus3D benchmark consists of both aerial and
ground LiDAR patches, which are tagged with UTM coor-
dinates at their respective centroids. The coordinates of the
patches are shifted and scaled to [−1, 1], and the points in
each patch are randomly down-sampled to size n = 4096.
In Table. 1, we compare our dataset with a traditional 3D
place recognition benchmark dataset, Oxford RobotCar.
Aerial LiDAR Scan: The aerial data is obtained from the
state government and is publicly available [1]. The dataset
is collected by an airborne LiDAR sensor mounted on an
airplane. The points are in UTM coordinates and point
spacing is roughly 0.35 m. The vertical and horizontal ac-
curacies are 0.3 m and 0.1 m, respectively.

The state-wide aerial LiDAR scan is trimmed down to
a 1628 × 3377 m region that covers the same area as the
ground scan does, and ground surfaces are removed. To
construct the database, we uniformly sample 100 × 100 m
patches several times every 19 m, moving north and east,
and obtained 27520 patches from aerial data. The patch size
is chosen according to the effective range of our LiDAR.
Ground LiDAR Scan: The ground LiDAR scan is col-
lected on a Boston Dynamic Spot and a Clearpath Husky
equipped with a Velodyne VLP 16 LiDAR with an effec-
tive range of around 100 m and an accuracy of ±3 cm.
We tele-operate the robot in the region with correspond-
ing aerial coverage and save the points from each frame.
We run 27 different routes with partially overlapping and
non-overlapping locations and obtain a total of 7705 patches
from the ground data.
Ground Truth Correspondence: We use a U-blox NEO-
M9N GPS module to get the latitude and longitude coor-
dinates of the current LiDAR frame. We convert the geo-
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Dataset Oxford RobotCar [20] CS-CAMPUS3D
(Ours)

Scenarios
Urban,

Suburban Campus

Platform Nissan LEAF (Car) Spot, Husky
(Mobile robots)

Road Car Lane
Car Lane, Alley,
Side Walk, etc.

Perception
Sensors RGB Camera, LiDAR LiDAR

Geographical
Coverage

∼ 10 km
(Driving distance)

1628× 3377 m
(Area)

Num. of Ground
Submaps

(training/testing)
21711/3030 6167/1538

Num. of Aerial
Submaps

(training/testing)
N/A 27520/0

Patch Size ∼ 10− 20 m ∼ 100m
Positive Pair

Distance 25m 100m

Table 1: Our proposed benchmark CS-CAMPUS3D: We
give a side-by-side comparison between the most popular
3D place recognition benchmark Oxford RobotCar and our
proposed dataset CS-CAMPUS3D. We highlight that our
benchmark covers more areas due to the flexibility of mo-
bile robots and contains LiDAR data from both ground and
aerial sources. We use those two datasets for evaluation.

graphic coordinates to UTM coordinates to match with the
LiDAR data. The accuracy of the GPS is around 1.5 m.
Evaluations: In Oxford RobotCar [20], the patch size is
between 10 − 20 m and the successful retrieval distance
is within 25 m. Following that ratio, we set a successful
retrieval distance to be 100m, which means the query point
cloud is successfully localized if the retrieved neighbor is
within 100m. We have created two evaluation settings:

1. We construct the database set with all aerial LiDAR
scans and a subset of ground LiDAR scans for training;
we use the rest of the ground data as queries for testing.

2. For a more challenging setting, we construct the
database set with only aerial LiDAR scans and only
use ground LiDAR scans as queries. The ground scans
will have to find a match only based on aerial scans.

We use the same evaluation metrics as [27, 17], explained
in Sec. 6.1. The CS-CAMPUS3D database, benchmark, and
all processing scripts will be publicly released.

6. Experiments and Evaluations
6.1. Dataset and Evaluation Metric

We use the Oxford RobotCar [20] dataset and CS-
CAMPUS3D (ours) for evaluation. Oxford RobotCar is col-
lected on a vehicle with LiDAR sensors while driving on
urban and suburban roads in various weather conditions. It
has been the benchmark dataset for most of the 3D place

Methods Reference AR@1% ↑ AR@1 ↑
PointNetVLAD [27] CVPR 2018 80.3 -
PCAN [35] CVPR 2019 83.8 -
LPD-Net [19] ICCV 2019 94.9 86.3
DH3D [7] ECCV 2020 85.3 74.2
PPT-Net [15] ICCV 2021 98.1 93.5
SOE-Net [30] CVPR 2021 96.4 -
Minkloc3D [17] WACV 2021 97.9 93.0
Minkloc3Dv2 [18] ICPR 2022 98.9 96.3
Minkloc3D-S [39] RAL 2021 93.1 82.0
SVT-Net [8] AAAI 2022 97.8 93.7
TransLoc3D [32] preprint 98.5 95.0

CROSSLOC3D (Ours) - 98.59 94.36

Table 2: State-of-the-art comparisons on Oxford Robot-
Car: We compare CROSSLOC3D with other state-of-the-
art methods on single-source 3D place recognition bench-
mark. All numbers are obtained from the original paper.
We underscore the second best method.

recognition methods because the evaluation is justified on
this benchmark. Since Oxford RobotCar has a wide cover-
age of the city as well as repetitive routes under different
conditions at different times, the point cloud retrieval task
must rely on the similarity between the structures instead
of exact point correspondence. The proposed benchmark,
CS-CAMPUS3D, also satisfies this condition as the patches
are disjoint and collected from different sources. For more
details about the datasets, please refer to Table. 1 and Sec. 5.
Evaluation Metrics: Like most of the place recognition
benchmarks [27, 17], we used AverageRecall@N and Av-
erageRecall@1% as evaluation metrics. Recall@N is de-
fined as the percentage of true neighbors that are correctly
retrieved based on the top N predicted neighbors from the
network. Recall@1% is equivalent to Recall@N when N is
equal to 1% of the database size.

6.2. Implementation Details

CROSSLOC3D: The input point size n is 4096.
We set L = 3, where the voxelization size is
[0.05, 0.12, 0.4]. The sparse convolution is implemented
based on MinkowskiEngine [5]. The feature section ks is
3. The order of the refinement is reversed (coarse → fine).
During refinement, we set the number of sub-steps to 3 for
all L steps. The initial dimension of the time embedding is
8. The feature dimensions of the refinement and NetVLAD
are 512 and 256, respectively. We use Euclidean distance
for the distance function D during training and inference.
Training Parameters: Models are trained on a single
NVIDIA RTX A5000 for 200 epochs. We use the Adam
optimizer with a learning rate of 0.005 and (β1, β2) =
(0.9, 0.999). We use an expansion batch sampler where the
initial batch size is 64 and can grow up to 128.
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CrossLoc3D (Ours)MinkLoc3D MinkLoc3Dv2TransLoc3D

Figure 4: Qualitative comparisons between CROSSLOC3D and other SOTA methods: Top: Input ground query (blue)
and top 5 retrievals (ranked from left to right) from database of aerial data (true neighbor – green, false neighbor – red).
Bottom: Distributions of ground query and top 25 retrievals.

Evaluation Set:
(Database / Query) Methods AR@1% ↑ AR@1 ↑

Aerial + Ground
/

Ground-Only

PointNetVLAD [27] 41.46 35.57
LPD-Net [19] 56.49 45.94

Minkloc3D [17] 79.10 69.38
Minkloc3Dv2 [18] 76.68 67.06
Minkloc3D-S [39] 59.33 44.39
TransLoc3D [32] 69.04 58.16

CROSSLOC3D (Ours) 83.04 74.12

Aerial-Only
/

Ground-Only

PointNetVLAD [27] 43.53 19.07
LPD-Net [19] 40.70 11.99

Minkloc3D [17] 85.22 55.36
Minkloc3Dv2 [18] 83.48 52.46
Minkloc3D-S [39] 71.88 32.17
TransLoc3D [32] 80.64 42.97

CROSSLOC3D (Ours) 85.74 70.73

Table 3: State-of-the-art comparisons on the proposed
CS-CAMPUS3D test set: We compare CROSSLOC3D
with other state-of-the-art methods on the cross-source 3D
place recognition benchmark in two different settings. We
underscore the second best method.
6.3. Comparisons

SOTA Comparisons: In Table. 2 and Table. 3, we show
the performance of the proposed CROSSLOC3D and other
SOTA methods. On two evaluation sets of CS-CAMPUS3D,
CROSSLOC3D achieves an improvement of 0.52 − 3.94%
and 4.74−15.37% in terms of AR@1% and AR@1, respec-
tively. We see a trend of improvement in AR@1% when the
database only contains aerial data because the total database
size decreases. In addition, CROSSLOC3D has comparable
performance to the state-of-the-art method within a margin
of 0.31% in terms of 1% average recall. In Fig. 4, we can
see that all top 5 retrievals and most of the top 25 retrievals
by CROSSLOC3D are within the range of true neighbors,
while the predictions of other SOTA methods are distributed
away from the ground query.

In Fig. 5, we plot the top 25 predicted neighbors and
the corresponding average recall for two evaluation settings
in CS-CAMPUS3D. There is a clear drop in performance

Figure 5: AR@N curves on CS-CAMPUS3D: Our method
performs consistently better than other SOTA methods for
top 25 neighbors.

Method AR@1 ↑ Parameters ↓ Running Time
per Query ↓

PointNetVLAD [27] 19.07 19.78M 25 ms
LPD-Net [19] 11.99 19.81M 35 ms

Minkloc3D [17] 55.36 1.1M 21 ms

TransLoc3D [32] 42.97 10.97M 46 ms
TransLoc3D† 62.57 27.85M 81 ms

CROSSLOC3D (Ours) 70.73 15.35M 26 ms

Table 4: Performance v.s. Efficiency on CS-CAMPUS3D:
Even our model have a relatively large numbers of parame-
ters, we did not compromise much in terms of run-time. †
denotes that we manually increase the number of parame-
ters based on the original implementation.

when the database is entirely based on aerial data since the
ground-to-aerial match is more difficult. Our method con-
sistently performs better on top 25 candidates retrieval for
aerial + ground case, and takes lead on top 15 candidates
for the aerial-only case, compared to other SOTA methods.

Complexity Comparisons: In Table. 4, we highlight the
model parameter sizes and run-times of different SOTA
methods given their performances on CS-CAMPUS3D
when the database only consists of aerial data.
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Num. of Voxel
Grains (L)

Quantization
Size

Feature
Selection AR@1% ↑ AR@1 ↑

1

0.01 ✗ 71.37 58.64
✓ 72.38 60.89

0.08 ✗ 68.93 54.10
✓ 68.77 55.57

0.2 ✗ 58.98 43.16
✓ 58.32 42.11

0.4 ✗ 54.11 37.27
✓ 51.26 35.99

2
0.01 & 0.08 ✗ 74.76 63.85

✓ 76.22 65.75

0.01 & 0.4 ✗ 71.14 59.68
✓ 72.60 60.36

3 0.05 & 0.12 & 0.4 ✗ 74.69 64.33
✓ 77.47 66.14

4 0.05 & 0.12
& 0.2 & 0.4

✗ 70.97 61.07
✓ 73.22 63.14

Table 5: Ablation studies on the voxel grains and feature
selection: We achieve the best performance when L = 3,
with 2.78% increase on AR@1% with feature selection.

Quantization
Size

Refinement
Process AR@1% ↑ AR@1 ↑

0.01 & 0.08
✗ 71.03 60.43

Fine → Coarse 72.54 61.78
Coarse → Fine 75.28 65.26

0.05 & 0.12 & 0.4
✗ 70.41 60.47

Fine → Coarse 74.96 65.56
Coarse → Fine 77.47 66.14

0.05 & 0.12
& 0.2 & 0.4

✗ 71.29 59.46
Fine → Coarse 73.22 63.14
Coarse → Fine 77.38 67.15

Table 6: Ablation studies on the refinement process: We
use simple concatenation of multi-grain features after pass-
ing through EA blocks [10] individually as a baseline. Re-
finement starting from coarse to fine leads to 4.25− 7.06%
performance improvement on AR@1%.

6.4. Ablation Study

Voxel grains and feature selection: In Table. 5, we show
the effect of number of voxel grains L with different quanti-
zation size and the feature selection. When we only choose
one voxel grain, the fine resolution achieves better perfor-
mance than the coarse one, and the feature selection mod-
ule does not lead to performance improvement because all
information is useful when there are no multi-grained vox-
elizations to provide potentially repetitive information from
different perspectives. As L increases, the effect of feature
selection is more significant. The performance start to drop
when L > 3. One interesting observation is that, as L in-
creases, the model does not require a fine quantization size
to achieve good performance, which reduces the computa-
tion burden caused by a large L.
Refinement process: In Table. 6, we evaluate the necessity
of the refinement process and different orders of refinement.

Quantization
Size

Sub-steps at
Refinement AR@1% ↑ AR@1 ↑

0.01 & 0.08
1 73.99 61.81
2 72.54 61.78
3 72.58 63.41

0.05 & 0.12 & 0.4
1 73.13 63.0
2 74.96 65.56
3 74.26 63.16

0.05 & 0.12
& 0.2 & 0.4

1 73.70 61.51
2 73.22 63.14
3 75.61 64.45

Table 7: Ablation studies on the refinement sub-steps:
We see an improvement of 1.45− 2.39% on AR@1% from
adjusting the number of sub-steps.

Quantization
Size Time Embedding AR@1% ↑ AR@1 ↑

0.01 & 0.08 ✗ 73.34 61.04
✓ 72.54 61.78

0.05 & 0.12 & 0.4 ✗ 71.37 58.42
✓ 74.96 65.56

0.05 & 0.12
& 0.2 & 0.4

✗ 72.62 59.71
✓ 73.22 63.14

Table 8: Ablation studies on time embedding: We notice
a trend of improvement with time embedding.

We try starting the refinement process from the finest and
coarsest levels and discover that refinement starting from a
coarse grain has the most performance improvement, which
validates the intuition provided in Sec. 4.3. The coarse rep-
resentations between different sources are most similar and
therefore an easy starting point for metric learning. In the
end, the fine-level features can be in a better canonical space
and lead to better retrieval results.
Number of sub-steps during refinement: In Table. 7, we
run different numbers of sub-steps. Based on the result, we
can observe that more refinement sub-steps have better re-
sults for a larger number of voxel grains L.
Time Embedding: In Table. 8, we show the effect of
time embedding for the refinement. For quantization size
[0.01, 0.08], we see a 0.8% decrease in terms of AR@1% ,
which could be explained by the fewer refinement steps L
for time embedding to be effective.

7. Conclusions, Limitations, and Future Work

In this paper, we discuss and define the notion of cross-
source data, and present a novel cross-source benchmark,
CS-CAMPUS3D, that poses a new challenge for localiza-
tion tasks and the vision community in general. We present
CROSSLOC3D, a novel cross-source 3D place recognition
method that uses multi-grained features with an iterative re-
finement process to close the gap between data sources. We
show superior performance on the proposed cross-source

11342



CS-CAMPUS3D, and demonstrate similar performance on
the well-established 3D place recognition benchmark Ox-
ford RobotCar, compared to the SOTA methods.

Currently, the task of cross-source 3D place recogni-
tion still has room for improvement on the proposed CS-
CAMPUS3D. In addition, the point registration problem is
another challenging topic to pursue. The tasks related to lo-
calization and registration using cross-source data open up a
series of new challenges based on our proposed benchmark.
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