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Abstract aerial-view map database aerial-view — during inference

Place recognition (PR) aims at retrieving the query place
from a database and plays a crucial role in various applica-
tions, including navigation, autonomous driving, and aug-
mented reality. While previous multi-modal PR works have
mainly focused on the same-view scenario in which ground-
view descriptors are matched with a database of ground-view
descriptors during inference, the multi-modal cross-view
scenario, in which ground-view descriptors are matched
with aerial-view descriptors in a database, remains under-
explored. We propose AGPlace, a model that effectively inte-
grates information from multi-modal ground sensors (cam-
eras and LiDARs) to achieve accurate aerial-ground PR.
AGPlace achieves effective aerial-ground cross-view PR by
leveraging a manifold-based neural ordinary differential
equation (ODE) framework with a multi-domain alignment
loss. It outperforms existing state-of-the-art cross-view PR
models on large-scale datasets. As most existing PR models
are designed for ground-ground PR, we adapt these base-
lines into our cross-view pipeline. Experiments demonstrate
that this direct adaptation performs worse than our overall
model architecture AGPlace. AGPlace represents a signif-
icant advancement in multi-modal aerial-ground PR, with
promising implications for real-world applications.

1. Introduction

Place recognition (PR) serves as a fundamental solution
to the problem of localization, treating localization as a
retrieval task. It involves maintaining a database of geo-
tagged sensor data (e.g., images and point clouds) collected
at previously visited places. During inference, PR computes
the similarity between the query data and the database data
to retrieve the most similar places. PR plays a crucial role
in various applications, including simultaneous localization
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Figure 1. An example pipeline of multi-modal aerial-ground PR.
(1) The aerial-view geo-tagged maps (e.g. aerial RGB images, road
maps) act as the database. (2) The ground-view multi-modal data
(images + point clouds) are the place query to be matched with the
database.

and mapping (SLAM) [4] and augmented reality (AR) [49].

PR models are expected to convert the raw sensor data
into highly aggregated scene descriptors with much smaller
sizes. Traditional techniques leverage hand-crafted features
to summarize the query and database data, such as Vector
of Locally Aggregated Descriptors (VLAD) [23]. However,
these solutions heavily rely on prior human knowledge and
may not perform optimally in challenging scenes. Advances
in deep learning have facilitated the widespread adoption
of learning-based PR works. For example, NetVLAD [3]
replaces the manual design of the encoding process used
in traditional VLAD with a neural network that learns the
representation directly from raw image data.

In recent years, PR has attracted increasing attention from
researchers. The initial focus was primarily on developing
single-modal solutions, where both query and database come
from the same modality, such as images [1, 17, 22, 25, 47,
63, 76] or point clouds [9, 10, 26, 27, 39, 40, 62]. However,
with the advancement of multi-sensor processing techniques,
there has been a growing interest in multi-modal PR. In
this direction, query and database data encompass more
than one modality, allowing for richer information fusion.
Multi-modal models [28, 29, 74] have demonstrated superior
performances to their single-modal counterparts.
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Apart from models addressing scenarios where both
query data and database data come from the same view-
point, achieving PR in aerial-ground cross-view scenarios
[11, 59,75, 76, 78] presents another challenge. In this case,
the database data is collected from aerial views, while the
query data is collected from ground views. The aerial-ground
PR is particularly valuable for ground robot localization due
to extensive aerial RGB or semantic maps offering broad
field-of-view (FOV) coverage. Additionally, collecting aerial
data is more efficient than ground data, especially in chal-
lenging terrains like forests and mountains. These aerial
maps provide rich geometric references, enabling ground
robots to achieve accurate and effective localization[65, 73].
However, the current state-of-the-art (SOTA) aerial-ground
PR models focus on the same-modal setting, i.e., ground
images are matched to aerial images. These models do not
consider fusing ground images and point clouds to achieve
better cross-view performance.

In this paper, we investigate the challenge of multi-modal
PR in the aerial-ground cross-view scenario. More specif-
ically, as shown in Fig. 1, we consider the ground data to
be with multiple modalities, consisting of both images and
point clouds. On the other hand, aerial data encompasses
various formats, including real captured aerial RGB images
as well as semantic maps such as road maps.

We introduce Aerial-Ground Place (AGPlace), designed
for multi-modal aerial-ground cross-view PR. Our main con-
tributions are summarized as follows:

1. AGPlace utilizes a manifold to fuse multi-modal infor-
mation by learning manifold chart functions to relate
points in 2D or 3D spaces to the manifold. The fusion em-
bedding is constructed using neural ordinary differential
equations (ODEs), which produces distinct representa-
tions for different ground views, leading to effective PR.
Furthermore, by allowing the fusion embedding to evolve
on a manifold guided by a multi-domain alignment loss,
we allow it to flexibly match the aerial descriptors in the
aerial database. The evolved fusion embedding acts as
guidance for the extraction of respective modal features
to formulate the final scene descriptor.

2. The existing aerial-ground PR datasets like CVUSA [69]
and CVACT [36] do not provide the ground LiDAR data,
which cannot be used for our multi-modal PR task. There-
fore, we establish two benchmark datasets to evaluate
AGPlace and related baselines. The datasets are adapted
from KITTI360 [35] and nuScenes [8] together with
Google Maps to provide multi-sensor ground data and
aerial database maps.

3. We conduct extensive numerical experiments demonstrat-
ing that AGPlace surpasses previous SOTA multi-modal
PR models in aerial-ground cross-view PR. We conduct
ablation studies to provide insights into our design.

2. Related Work

2.1. Visual Place Recognition.

In 2D visual PR (VPR), the query and database data are
both collected in the 2D image format. Traditionally, hand-
crafted feature techniques are used to aggregate the whole
image, e.g., Bow [13], VLAD [23], and Fisher [45]. These
solutions depend heavily on prior human knowledge and
may not perform well in challenging scenes. NetVLAD [3]
is the first to leverage learnable layers in PR by incorporating
soft-weighted feature assignments. NetVLAD has inspired a
series of image-based PR works, including general models
[1,7,17,22,25,63,77] and aerial-ground models [20, 50,
54,55, 59,75, 76].

PointNetVLAD [62] is the first to leverage learning-based
methods in point cloud PR. It uses PointNet [46] as the back-
bone to extract point cloud features followed by a NetVLAD
[3] layer to aggregate 3D scene information. With the grow-
ing popularity of LiDARSs in the field of autonomous driv-
ing, there has been a surge in the development of models
that leverage point clouds to address the 3D PR problem
[9, 27, 39, 72, 79]. In addition, there are also models pro-
posed for aerial-ground 3D PR [16, 24].

2.2. Aerial-Ground Place Recognition.

Aerial-ground PR has become a popular task in localization.
This cross-view PR task involves using ground data as the
query and aerial data as the database. Unlike general PR
models, aerial-ground PR models must address the inherent
view differences between aerial and ground data.

SAFA [53] employs polar transformation as prior knowl-
edge to align aerial and ground panoramic images. CDTE
[61] enhances this approach by training a generative model
to better apply the polar transformation. However, the effec-
tiveness of the polar transformation heavily depends on the
geometric correspondence between the two views. Subse-
quent approaches have focused on directly aligning scene
descriptors. TransGeo [76] utilizes shared backbone weights
to extract both aerial and ground descriptors. Sample4Geo
[11] introduces hard negative mining strategies and employs
the InfoNCE loss [48] for symmetric discrimination between
aerial and ground features. UCVLG [33] proposes an un-
supervised framework to guide cross-view PR models for
improved retrieval and re-ranking. ArcGeo [59] introduces
the angular loss to better explore cosine similarity between
different samples.

Despite these advancements, existing aerial-ground mod-
els primarily focus on same-modal inputs. The challenge of
effectively fusing ground image and point cloud inputs for
aerial-ground PR remains unresolved.
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2.3. Multi-Modal Place Recognition.

Recently, multi-modal fusion using information from both
cameras and LiDARs has emerged as a promising research
topic, demonstrating superior performance in various tasks
[37, 66—68]. In the field of PR, MinkLoc++ [28] pio-
neered the use of separate branches for 2D image and 3D
point cloud feature extraction, which are then combined to
form the final scene descriptor. Due to their superior per-
formance compared to single-sensor solutions, there has
been a growing number of multi-modal PR approaches
[15,29, 41, 57,71, 74].

However, these multi-modal PR works focus only on the
ground-ground same-view situation, where the construction
of a ground-view database requires tedious collection of
ground data. In contrast, utilizing aerial maps as the database
offers a potential solution to address the aforementioned
challenges, yet it remains an under-explored area [14].

2.4. Cross-View Metric Localization.

Another important application of cross-view PR is metric
localization, which is usually deployed as the second stage in
fine-grained localization tasks. After retrieving aerial maps
or patches through cross-view PR models, metric localiza-
tion models can estimate a more accurate sensor pose based
on these map references [12, 31, 56].

3. Proposed Approach

In this section, we first present the problem formulation of
multi-modal aerial-ground PR, followed by detailed descrip-
tions of our proposed AGPlace approach.

3.1. Problem Formulation

In this work, we address the challenge of aerial-ground multi-
modal PR as shown in Fig. 1. We focus on the scenario where
the aerial-view 2D data (satellite RGB images and road
maps) serve as the database, while the ground-view multi-
modal data (2D RGB images + 3D LiDAR point clouds) are
used as queries. This can be formulated as follows:

arg maxz F(argmin(ﬁ(fg(lé, PiGr)’ fA(IjA))) € Ri)v
J

ey

where fa (-, -) denotes the ground multi-modal query model,
fa () is the aerial database model. L(-, -) is a distance func-
tion. I and P are ground query images and point clouds
respectively, I5 is the aerial database maps, R is the positive
neighborhood set of query 4, I'(+) is the indicator function.

3.2. Modal-Specific Feature Extraction

The overall pipeline is shown in Fig. 2. We follow the previ-
ous cross-view VPR solution[32, 76] that uses two different
networks (i.e., not sharing weights) to handle aerial and

ground inputs respectively. For the aerial part fa(-), since
VPR for the 2D modality is well-established, we can use
off-the-shelf 2D VPR methods (e.g., ResNet-GeM[47]) to ex-
tract aerial descriptors. And our design is mainly focusing on
the ground part f(-, -) that takes multi-modal query inputs.
Given 2D image and 3D point cloud query inputs, we first
use separate 2D and 3D backbones to extract the respective
basic features in each modality. Using hierarchical informa-
tion is a common technique in various tasks, and we follow
this manner to extract multiple feature maps. We denote the
feature maps at the [-th backbone block as Fy and F},
and all the gathered feature maps are denoted respectively
as:

FgDz{FZQDERNlXC : le[L]}, 2)
Fap = {FgD eRN'*XC . | ¢ [L]}, 3)

where N' is the number of feature vectors at block I, C' is
the number of corresponding feature channels,' and L is the
number of backbone blocks.”

For images, we use the standard 2D format. For point
clouds, we use the 3D voxels format, which is a common
format in 3D place recognition[28]. 3D point clouds can also
be projected onto 2D planes and extracted by 2D backbones,
e.g. spherical projection and birds’-eye-view (BEV) projec-
tion. However, these projection methods would either lose
information or change the neighboring connections, which
would result in insufficient feature extraction.

3.3. Stage 1: Fusion Embedding Construction

To achieve effective information fusion between different
modalities in multi-modal PR, we employ a two-stage fusion
strategy as depicted in Fig. 2. In this first stage, in addition to
the vanilla 2D and 3D feature branches, we introduce a third
branch as a surrogate manifold for fusing feature information
from the 2D and 3D branches and constructing the fusion
embedding.

On the other hand, in the problem of aerial-ground PR, the
significant domain gap between aerial and ground data poses
a challenge for domain alignment. Introducing a third branch
can act as a platform to help bridge this gap. The visualiza-
tion of descriptor distances, shown in Fig. 3, demonstrates
that the inclusion of the fusion manifold aids in better align-
ing the two domains, resulting in the aerial-ground scene
descriptor distance that more closely corresponds to the ac-
tual geometric distance.

At the fusion embedding construction stage, we leverage
the extracted feature maps Fop and Fsp from each modal
backbone to build the fusion embedding. Inspired by the
concept of space point motion on manifolds in differential

!For illustration simplicity, we assume 2D and 3D backbones have the
same number of feature vectors and channels.
2We denote [N] = {1,...,N}.
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geometry [30], we model the fusion embedding construction

as a multi-block state evolution process (shown in Fig. 4).

This process starts from the last block and progresses towards
the first block (i.e., L — 1), allowing the embedding state
to incorporate more global-level information at later blocks
that is beneficial for the PR task. At each block, the evolution
consists of two sub-processes: (1) state initialization and (2)
state updating. By allowing the fusion embedding to evolve
according to a multi-domain alignment loss function (see
Sec. 3.5), we enable it to flexibly match the aerial descriptors
in the aerial database.
State Initialization.

At each backbone block [, we denote the initial fusion
state as v!(t = 0) € MY on the C-dimensional manifold
MCE, and define it as:

l .
. m ifl=1L,
0) = 4
7(0) {ml + 4 YT)  otherwise, ®

where 7' is the state updating end time, and m! € {m'}£ |
is the fusion state momentum. Specifically, m' is constructed

using feature vectors from the respective [-th backbone
block:

m' = b (F1p) + ¢ (Fip). (%)

Here, obp (), pp(-) : RE — M are learnable manifold
chart functions representing connections between the 2D/3D

space and the fusion manifold. A chart for a manifold M
provides a local coordinate system, capturing local structures
of M. fl, £l € R in (5) are the pooled 2D and 3D
features from the respective modal space:

£l = Pool(Fbp),  fiy = Pool(Fip), (6)

where Pool(-) is the global average pooling function. The
pooling function can highly summarize the global informa-
tion of the whole scene, which is beneficial for constructing a
fusion embedding with rich global multi-modal domain rep-
resentations and thus benefits the PR task. This differs from
dense prediction tasks (e.g. depth estimation, segmentation)
that more dig into local patterns.

State Updating. In Riemannian geometry, the movement of
a point on a manifold can be described by a parametric curve
[30]. Inspired by this, we model the process of updating the
fusion embedding state as the movement of a point in the
manifold.

ODEs serve as a fundamental tool for describing dynam-
ical systems[52, 60, 64]. They express how a system state
evolves over time, capturing relationships between the sys-
tem variables and the rates of change. Based on this, the
movement dynamics on a manifold can be described by an
ODE:

dy(t)

dt

where ~y(t) denotes the state trajectory. The following non-
intersection property of ODE solutions is well-known.

= f(tv')/(t))a (7N

Theorem 1. (Non-intersection of ODE solutions [21]) Given
the ODE in (7), where f is continuous in t and globally Lip-
schitz continuous in 7. Let v1(t) and ~2(t) be two solutions
of the ODE in (7). If the initial conditions ~v1(0) # v2(0),
then it holds that v, (t) # ~y2(t) for all t € [0, c0).

The non-intersection property of ODE solutions in Theo-
rem | indicates that different ODE inputs guarantee different
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Figure 4. Fusion embedding evolution process starting from the last block and ending at the first block (i.e. L — 1). The trajectories contain
the movement of fusion embedding and are depicted by neural ODEs. In each ODE block, different inputs at time 0 guarantee different

outputs at time 7".

ODE outputs. This property helps to construct a more effec-
tive embedding that benefits PR. In our pipeline in (4), given
that the initial fusion states at block [ are different for differ-
ent places, neural ODEs can update feature representations
while theoretically maintaining the feature differences at this
block, which lead to distinct scene descriptors yielding more
robust PR (cf. Fig. 4).

Specifically, we update the fusion embedding from its
initial state using parameterized neural ODEs at each block [,
which can be regarded as point movements on the manifold:

' (t)
di

= fa (1)), (8)

where 7 (t) is the fusion embedding state trajectory at block
I, fo:(+) is a non-linear neural block with learnable param-
eters @' that describes the trajectory dynamics. By solving
(8), we can obtain the updated state 7! (7') at the end time 7.
At the next block [ — 1, the start state v/ ~1(0) is initialized
based on momentum m'~! and the last end state 7' (7T"), as
shown in Fig. 4 and (4). After progressive updating, finally,
we obtain the end state at the first block v*(7') as the final
constructed fusion embedding ef,sc = v (T) € MC. The
following result follows immediately from Theorem 1.

Corollary 1. (Distinguished fusion states.) In each neural
ODE block 1, given ODE inputs ~(0) # ~4(0) from two
different scenes that are different, then the two ODE outputs
at this ODE block are different, i.e., 7} (T) # ~+4(T).

As stated in Corollary 1, the neural ODE process can
produce different fusion states, which would help construct
more distinguished representations for different places and
thus contribute to more effective PR performance. The visu-
alized illustration of Corollary 1 is shown in Fig. 4.

3.4. Stage 2: Modal-Wise Fusion

The fusion embedding e captures rich multi-modal fusion
information, which in turn serves as effective guidance for
individual fine-grained local-level modal feature learning.

With the surrogate fusion embedding injected into the
respective 2D/3D spaces, the tight coupling connection of
the 2D and 3D embeddings could be softened, where the
perturbation of a modality could be mitigated by the surro-
gate fusion information. As shown in Tab. 2, with the help
of included fusion embedding in this stage 2, the final scene
descriptor could be more robust against sensor failing.

Specifically, as illustrated in Fig. 2, we project the fusion
embedding into the corresponding modal space to obtain 2D
and 3D embeddings:

€2Dp = ¢fuse,2D (efuse); €3p = ¢fuse,3D (efuse); &)

where Ytuse 2D (+) s Vruse, 3D (+) MC = R are chart func-
tions that establish connections from the fusion manifold
to the respective 2D and 3D spaces. These 2D and 3D em-
beddings capture rich multi-modal information, which are
further combined with the original modal feature maps F1
and FL from the last block L to construct more effective
representations through decoder blocks gap(+), gsp(+):

ey, = Pool(gap (eap @ Fip)), (10)
e = Pool(gsp(esp @ Fip)), (11)

where @ denotes broadcast addition. By injecting the highly
summarized fusion embedding, the respective local modal
feature maps can capture more global information and
achieve more robust representations. The decoded embed-
dings e, and e}, are used to construct the final scene
descriptor in the sequel.

Our final ground scene descriptor consists of the decoded
modal embeddings, as well as the fusion embedding. It is
obtained as follows:

eqg = )\/(e/QD + egD) + Afuse®tuses (12)
where N, Aruse are weights to balance different components.

3.5. Multi-View Multi-Modal Loss Function

In the multi-modal cross-view PR task, the features are inter-
acting not only in different modalities (2D and 3D) but also in
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different views (aerial and ground). Thus, sufficient feature
alignment across various domains is critical for this PR task.
To achieve this goal, we propose the multi-view multi-modal
(MVMM) loss function. The MVMM loss treats PR as a
binary classification problem, where positive pairs should
have smaller feature distances and are assigned ground-truth
labels “0”, while negative pairs have ground-truth labels “1”.

Given two sets of embeddings D; = {e1i}ie[n,], D2 =
{e2j}je(n,) from two domains, we first define the basic
domain distance loss as:

1
ij i €25
M%;@www 2;l2))

+ (1= i) log(1 = o(llexs = e35112))),

L(D1,Ds) =
13)

where y;; € {0, 1} indicates positive and negative pair labels,
and o () is the sigmoid function. We then further define the
MVMM loss as:

Ivvivive = L(Da, Da) + L(Dg,Da U Dg)

+L(Dg2p,Pa UDaap) + L(Dasp, Da U Dasp),
(14)

where D = {ea; }icn is a set of aerial descriptors. Dg =
{ecjtjen. Dazp = {f2p;}jen. Dasp = {fip;}jen are
sets of corresponding ground final, 2D, and 3D embeddings
as in (6) and (12). The MVMM loss aligns features not only
in different domains but also within the same domains. That
is, the MVMM loss also optimizes the ground-ground and
aerial-aerial feature relationships, which could better help
cross-view PR. As shown in Fig. 7, the roof that can only be
perceived by aerial views is emphasized, which indicates the
aerial-aerial same-view discrimination is implicitly hidden in
the whole cross-view discrimination process. In addition, the
MVMM loss also directly aligns ground 2D and 3D features
to the aerial features, which would implicitly contribute to
more effective aerial-ground alignment for cross-view PR.
The above MVMM loss can be regarded as the direct
guidance that forces pair distances close to some target val-
ues. On the other hand, we can also force negative pairs
to have greater distances than positive pairs, which can be
regarded as the relative guidance. Specifically, we use the
traditional triplet loss[19] to achieve the relative guidance:

1
boi = Zmax( leci —elllz — lleci — eill2 +m,0),
J
(15)

where m is the margin. el , e\ are positive and negative
aerial descriptors sampled from Dj. Following previous
works [6, 11, 59], hard negative mining is adopted during
training. Our final loss is a combination of the directly-
guided MVMM loss and the relatively-guided triplet loss

il
ground query image

[ground query point cloud] |[satellite image database|| [road map database
Figure 5. Data visualization from the KITTI360-AG dataset.

with the weight a:
= alypvvm + Lo (16)

4. Experiments

4.1. Datasets and Implementation Details

To evaluate the performance of multi-modal aerial-ground
PR models, we create benchmark datasets that consist
of comprehensive ground sensor data and corresponding
aerial database maps. We specifically construct two datasets,
namely KITTI360-AG and nuScenes-AG. Examples are
shown in Fig. 5. In addition, we also test our models on
the Oxford RobotCar benchmark datasets used in previous
multi-model ground-ground PR evaluations.
KITTI360-AG. For the ground dataset, we use the vanilla
KITTI360 [35] dataset as the base to provide ground-view
images, point clouds, and GNSS coordinates. We use a total
of 7 sequences, in which the first 85% frames are for training
and the last 15% frames are for testing, such that the test
frames consist of seen and unseen areas for both fitting and
generalization evaluation. The aerial data is generated based
on the GNSS coordinates of the ground data frames. We use
the Google Maps Static API° to download the corresponding
aerial images, including satellite images, and road maps.
We set the Google Maps Static API parameters as follows:
scale=1, zoom=20, size=640x 640. Each aerial image covers
an approximately 75x75 m? area.

nuScenes-AG. The nuScenes [8] dataset provides a rich
collection of sensor data collected from real urban driv-
ing scenarios, which also contains multi-view cameras. We
download the aerial data based on GNSS coordinates with
similar configurations mentioned in KITTI360-AG. The of-
ficial train/test split is used in our setting, such that test
scenes contain seen and unseen areas for both fitting and
generalization evaluation.

Oxford RobotCar Benchmark. The Oxford RobotCar
benchmark dataset is a public benchmark used for multi-
modal ground-ground PR. There are two different splits used
by MinkLoc++ (Oxford-Mink+) and AdaFusion (Oxford-
Ada) respectively. And we compare our model under both
settings.

Implementation. Our selected baselines mainly consist of
four types, including ground-view 2D/3D/multi-modal base-

3https : / / developers . google . com / maps /

documentation/maps-static/overview
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lines and aerial-ground 2D baselines. We use ResNet-18-
Avg [18] as the aerial network for all PR works except for
AnyLoc [25] for a fair comparison (with a head to align de-
scriptor dimensions). We select open-sourced SOTA multi-
modal models as ground network baselines for query de-
scriptor construction, mainly including MinkLoc++ [28],
AdaFusion [29], LCPR [74], MSSPlace [41], and UMF
[15], VSGP-PR [14] does not provide open-source codes and
EINet [71] only provides data splits without model codes,
which hinders us from comparing with them. Our backbones
are constructed based on MinkLoc++ [28]. We use recall@ K
(K =1,5,10)(R@K), average recall@1%(AR@%1), and
average recall@1(AR@1) as the metrics. The positive re-
trieval threshold is set as 25 m. All experiments are con-
ducted on a Tesla A100 GPU. More dataset, baseline, and
implementation details are provided in the supplement.

4.2. Main Results

KITTI360-AG (Satellite and Roadmap Databases). We
conduct an evaluation of AGPlace on the KITTI360-AG
dataset as demonstrated in Tab. 1 (Best is in bold and second
best is underlined). AGPlace outperforms all other baselines
in both satellite and road map settings. On the other hand,
when using the road map aerial database, most models can
already show considerable recall performance. This suggests
that semantic maps, which are easily accessible and created
without the need for satellites, drones, or airplanes, can al-
ready provide sufficient information for practical PR tasks.
This finding opens up interesting possibilities for future re-
search in the field [51, 70]. We also test the 2D VPR methods
with the strong foundation backbone DINOV?2[43], some of
which can even surpass 3D counterparts.

nuScenes-AG (Ground Sensor Failing). We next experi-
ment on the nuScenes-AG dataset that consists of a LIDAR
and multiple cameras, where AGPlace can also achieve sig-
nificant performance. With the fusion embedding injected
into the respective 2D/3D spaces in stage 2, the final scene
descriptor demonstrates stronger robustness both camera
and LiDAR failing. This demonstrates that our model can be
more applicable in real deployment conditions.

Oxford Benchmark Dataset. To investigate the inherent
power of our ground-view model for PR, we perform a com-
parison with previous SOTA baselines using the ground-
ground PR task. As in Tab. 3, our model (without using extra
data, re-ranking, or multiple cameras) achieves better per-
formance than previous SOTA counterparts, which further
verifies the effectiveness of our design.

4.3. Ablation Studies

Module Ablation. We verify the effectiveness by ablating
each module in our network. As shown in Tab. 4, the two
fusion stages in Fig. 2 and the MVMM loss in Sec. 3.5 can
contribute to the better final performance, confirming the

Satellite Road Map
Model ‘ Type ‘ R@1/5/10 R@1/5/10
ConvAP (ResNet-18) [2] 2D | 25.2/40.8/48.6 | 203/32.0/39.7
CosPlace (ResNet-18) [5] 2D | 22.8/389/47.4 | 17.4/31.1/3838
MixVPR (ResNet-18) 1] 2D | 19.4/305/37.3 | 19.3/32.0/39.1
AnyLoc* (DINOV2-s) [25] 2D | 42/87/130 | 54/55/59
SALAD (DINOV2-s) [22] 2D | 26.1/343/393 | 17.0/27.4/33.5
TransGeo (DINOV2-s) [76] 2D+C | 22.9/32.9/39.2 | 22.4/31.9/36.9
Sample4Geo (ConvNeXt-0) [11] | 2D+C | 27.0/41.7/49.0 | 22.7/41.0/47.6
ArcGeo (ConvNeXt-t) [59] 2D+C | 28.2/413/48.5 | 24.4/39.6/46.5
MinkLoc3DV2 [27] 3D | 265/39.1/46.0 | 23.3/36.0/43.8
BEVPlace [39] 3D | 223/33.9/40.8 | 23.6/35.5/41.4
VXP [34] 3D+C | 20.7/345/41.0 | 22.4/34.9/42.0
Lip-Loc [58] 3D+C | 29.9/42.2/49.0 | 24.5/35.6/42.4
MinkLoc++ [28] MM | 28.9/39.3/44.9 | 26.5/40.8/48.8
AdaFusion [29] MM | 26.5/39.6/47.8 | 27.2/41.6/49.3
MSSPlace [41] MM | 25.5/37.4/45.0 | 26.7/41.2/49.0
LCPR [74] MM | 27.7/44.4/50.6 | 24.5/39.0/47.7
UMF[15] MM | 27.1/42.6/49.2 | 25.6/40.4/49.7

AGPlace (ours) | MM+C | 32.0/47.6/54.9 | 28.2/43.3/52.0

Table 1. Aerial-ground PR results on the KITTI-360-AG dataset
using satellite or road map aerial sources. "*" denotes the model
is frozen and purely relies on pre-trained weights. "C" denotes the
model is designed for cross-view/cross-modal PR. Hard negative
mining is applied to all models.

cams + LIDAR | cams fail | LiDAR fail
R@1 R@5 |R@]1 R@5|R@1 R@5

MinkLoc++ [28] | 704 821 |169 273 | 26 7.3
AdaFusion [29] 719 823 | 90 178 35 67
MSSPlace [41] 713 822 |174 298| 50 87
LCPR [74] 577 742 | 32 62 | 86 171
UMF [15] 694 825 |27 73|08 29

AGPlace w/ostg. 2| 73.9 84.2 | 19.2 30.1 | 69 16.7
AGPlace (ours) 75.6 87.2 | 228 33.1 129 23.0

Model

Table 2. Aerial-ground PR results on the nuScenes-AG dataset
using satellite image database. "fail" denotes dropping the modality
input during testing. All models are trained with both modalities.

Model Extra Oxford-Mink+ Oxford-Ada
train data| AR@1% AR@1|AR@1% AR@1
CORAL [44] 96.1 - - -
PIC-Net [38] 98.2 - - -
Cues-Net [42] - - - 98.0
MinkLoc++ [28] 99.1 96.7 - -
AdaFusion [29] - - 99.2 98.2
HMPR [57] - - 99.6 96.9
UMF [15] v 99.1 97.9 - -
MSSPlace [41] 99.1 97.6 - -
HMPR + re-rank - - 99.7 99.0
UMF + re-rank v 99.3 98.3 - -
MSSPlace + mul-cam 99.5 98.2 - -

AGPlace (ours) ‘ ‘ 99.7 98.3‘ 99.9 99.3

Table 3. Ground-ground PR Results on the Oxford benchmark
datasets. "-" denotes the result is not provided in the paper.

efficacy of our approach.
ODE Updating and Fusion Direction. During the state
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Model KITTI360-AG (Sat.)
R@l R@5 R@I10
full 320 476 54.9

full w/o stage 1 28.5 439 51.0
full w/o stage 2 306 453 53.0
full w/o Iyvryvm | 309 452 51.7

Table 4. Module ablation.

}% g end
< sequence
*b A 3 ‘ frame id

start

w/ ODE w/o ODE
Figure 6. t-SNE plots of ground scene descriptors (from a con-
secutive frame sequence). ODEs can help build more consistent
descriptors that align with the consecutive geometry.

evolution process, we parameterize the fusion embedding
state trajectories as learnable neural ODEs. Notably in Tab. 5,
ODEs perform better than multi-layer perceptron (MLP) and
attention, both of which cannot guarantee outputs’ differ-
ences. In addition, the ¢-SNE visualization in Fig. 6 shows
ODEs can build more consecutive scene descriptors, under-
scoring the necessity of the ODE-based fusion state updating
process for PR.

Next, we evaluate the performance of different fusion
directions, as outlined in Tab. 5. The direction “block L —
block 17, which transfers information from high-level sum-
maries to detailed low-level representations, emerges as the
preferred choice for fusion embedding construction.

KITTI360-AG (Sate.)

State Updating Method R@l R@5 R@I0
w/ MLP 300 452 51.9
w/ attention 30.4 45.4 52.8
w/ ODE 32.0 47.6 54.9

Fuse Direction ‘

block 1 — block L 31.7 46.8 54.0
block 1 < block L 32.0 47.6 54.9

Table 5. State updating method and fusion direction.

Aerial Modality and Salience Visualization. We also ex-
plore fusing satellite images and road maps for more rep-
resentative aerial descriptors. As in Tab. 6, the fusion on
both ground and aerial sides gives even better performance,
which indicates an interesting research topic for aerial fu-
sion in the future. To investigate which part of ground and
aerial inputs are focused in the PR network, we visualize the
salience maps as shown in Fig. 7. The geometric landmarks
are emphasized (e.g. buildings and roads), which verifies the
geo-feature extraction effectiveness of our model architec-
ture and the alignment effectiveness of our loss function.

Runtime Performance. Finally, we assess the runtime speed
and memory consumption of our model. AGPlace demon-
strates acceptable real-time performance, satisfying basic

KITTI360-AG
R@]1 R@5 R@10

320 47.6 549
282 433 520
347 48.7 559

Ground Modality ‘Aerial Modality ‘

satellite
roadmap
satellite + roadmap

image + point cloud
image + point cloud
image + point cloud

Table 6. Ground and aerial modality comparison.

Figure 7. Salience map visualization.

deployment and application requirements. All compared
models exhibit comparable memory usage, with no signifi-
cant discrepancies observed in this metric.

Model \ Speed (FPS) GPU Memory Usage (GB)
MinkLoc++ [28] 80 0.58
AdaFusion [29] 72 0.59
MSSPlace [41] 75 0.59
LCPR [74] 125 0.72
UMF [15] 70 0.60
AGPlace (ours) ‘ 62 0.61

Table 7. Runtime performance comparison on a Tesla A100.

5. Conclusion and Limitations

In this work, we have proposed AGPlace, a multi-modal
model for addressing the aerial-ground PR problem. AG-
Place leverages neural ODEs rooted in differential geometry
to achieve effective multi-modal feature interaction. Our ex-
periments demonstrate that AGPlace outperforms previous
baselines and performs well in large-scale scenes, making it
suitable for deployment in real-world environments.

However, this work primarily focuses on ground query
data collected in urban environments, which may limit its
generalizability to other realistic settings. In future work, we
plan to expand our dataset and model to include more diverse
and challenging scenarios. This will enable us to establish
a more comprehensive and generalized multi-modal cross-
view PR pipeline.
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