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Abstract

We propose a novel fine-grained cross-view localization
method that estimates the 3 Degrees of Freedom pose of a
ground-level image in an aerial image of the surroundings
by matching fine-grained features between the two images.
The pose is estimated by aligning a point plane generated
from the ground image with a point plane sampled from the
aerial image. To generate the ground points, we first map
ground image features to a 3D point cloud. Our method
then learns to select features along the height dimension to
pool the 3D points to a Bird’s-Eye-View (BEV) plane. This
selection enables us to trace which feature in the ground
image contributes to the BEV representation. Next, we sam-
ple a set of sparse matches from computed point correspon-
dences between the two point planes and compute their rel-
ative pose using Procrustes alignment. Compared to the
previous state-of-the-art, our method reduces the mean lo-
calization error by 28% on the VIGOR cross-area test set.
Qualitative results show that our method learns semanti-
cally consistent matches across ground and aerial views
through weakly supervised learning from the camera pose.

1. Introduction
Visual localization aims to estimate the camera pose of a
given image relative to a representation of a scene. For
large-scale applications like autonomous driving and out-
door mobile robotics, the scalability of this representation
is crucial, as mapping is expensive [50]. Recently, using
aerial imagery for accurate visual localization [20, 29, 33–
36, 39, 42, 43, 46–48] has gained increasing interest due to
its global coverage. This task, named fine-grained cross-
view localization, aims to estimate the 3 Degrees of Free-
dom (DoF) pose, i.e., the planar location and yaw orienta-
tion, of a query ground-level image on an aerial image that
covers the ground camera’s local surroundings. In practice,
the aerial image can be identified using noisy position es-
timates from onboard Global Navigation Satellite System
(GNSS) in vehicles or robots, which contain errors up to
tens of meters in urban canyons [4].

GT
Ours

Figure 1. Fine-grained cross-view localization estimates the 3 DoF
pose of a ground image (left) on an aerial image (right) of the sur-
roundings. Our method tackles this task by matching fine-grained
local features across views, providing interpretable results. The
matched correspondences are semantically consistent and learned
without ground truth labels. Here are a few selected predictions.

In fact, fine-grained cross-view localization is common
in everyday life, such as when people use Google Satellite
Maps [13] to determine their position. In this process, peo-
ple first identify surrounding landmarks, such as buildings
and lane markings, understand their relative positions, and
then compare them to the aerial image. However, existing
methods do not fully follow this intuitive approach.

Global descriptor-based methods [20, 46, 47] generate
descriptors at candidate locations in the aerial image and
compare them to the descriptor of the query ground image.
Intuitively, this approach mimics imagining what would be
visible in the ground view at each candidate location given
the aerial view but is not how humans naturally approach lo-
calization. Local feature-based methods typically transform
the ground image into a Bird’s-Eye-View (BEV) represen-
tation using homography [36, 39]. However, homography
applies only to the ground plane, limiting these methods by
overlooking above-ground objects, such as buildings. Be-
sides, some methods [9, 34] estimate the ground camera’s
pose by densely comparing the ground view BEV repre-
sentation to the aerial view. Yet humans tend to localize
based on a few distinct objects [7, 44], rather than the entire
panoramic scene. Moreover, no existing method explicitly
identifies which objects in the ground view match those in
the aerial view, making localization results hard to interpret.

We bridge the above gaps by proposing a novel fine-
grained cross-view localization method that aligns with hu-
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Figure 2. Overview of our proposed method and the objectives of the loss functions used. We define two sets of points, ξG and ξA, on a
BEV plane, and our method generates a descriptor for each point. For the ground view, this involves mapping the image feature f(G) to
3D and then selecting the important features along height. Next, we compute pairwise matching scores between the two point sets. The
pose is then computed using Procrustes alignment based on the sampled matches. LVCE minimizes the difference between a virtual point
set transformed using the predicted pose and the ground truth pose. LM encourages correspondencs found using the ground truth pose.

We address the above challenges with a model that is
end-to-end trained using only the ground truth camera pose.
To resolve the height ambiguity, our method first lifts the
ground image to a 3D point cloud and then selects the 3D
points along the vertical direction whose feature best aligns
with the aerial view. This selection is learned from data
such that the selected feature should produce a matching re-
sult in the next step that aligns with the ground truth camera
pose. This selection pools the 3D point cloud into a 2D
point plane. We then match these 2D points with 2D points
sampled from the aerial view. Given that the matchable in-
formation is sparse, we select only the top correspondences
to compute the ground camera pose. Notably, our explicit
selection of the vertical points allows us to trace which ob-
jects in the ground image are matched to those in the aerial
image, providing interpretable localization results.

Formulation: We estimate the ground camera pose p =
[t, o] by aligning two point planes, i.e., computing their met-
ric relative pose pm = [tm, o]. One point plane has its ori-
gin at the ground camera and the other has its origin at the
center of the aerial image. Given the known Ground Sam-
pling Distance (GSD) in meters per pixel of the aerial im-
age, we compute t as t = tm/GSD+s, where s is the offset
between the center and the top-left of the aerial image.

As shown in Fig. 2, our method first extracts ground
and aerial image features f(G) and f(A). Similar to re-
cent advances in ground-level image matching [3, 6], we
adopt pre-trained DINOv2 features2 [27] as f(G) and f(A).
To construct the ground and aerial point planes, we define
two sets of N points, ξG = {(xG

1 , y
G
1 ), ..., (x

G
N , yGN )} and

2Our Appendix will show that directly matching ground and aerial
DINO features without our designed BEV points matching does not work.

ξA = {(xA
1 , y

A
1 ), ..., (x

A
N , yAN )}, regularly spanning an area

[−L/2, L/2]2, and L is the side length of the aerial image in
meters. (x, y) denotes the coordinates of each point, and the
origins of ξG and ξA are located at the ground camera and
the center of the aerial image, respectively. Next, there are
two main steps to infer the 3 DoF relative pose pm between
ξG and ξA: First, we generate a descriptor for each point in
ξG and ξA (Sec. 3.2). Second, we compute pm based on the
point matching scores (Sec. 3.3).

3.2. BEV mapping

Given the two point sets, ξG and ξA, and ground and
aerial image features, f(G) and f(A), our BEV mapping
generates for each ground and aerial point, (xG

n , y
G
n ) and

(xA
n , y

A
n ), a descriptor, dGn and dAn , where n ∈ [1, ..., N ].

For the ground view, we first map the ground image feature
to 3D and then pool the 3D feature to BEV.

Mapping to 3D: We follow an approach similar to recent
3D object detection [22, 40] to map image features to 3D.
Each 2D point in ξG is lifted to a pillar of M 3D points
spanning a given height range. These 3D points are then
projected to the ground image to retrieve features.

Specifically, we use deformable attention [52]. For the
n-th point, (xG

n , y
G
n ), in ξG, we first associate it with a

learnable query qGn . Next, we find for the m-th 3D point
Xn,m, m ∈ [1, ...,M ], its projected pixel coordinates r =
(un,m, vn,m) in f(G). Then, Xn,m retrieves features from
f(G) using deformable cross-attention,

FXn,m
=

J∑
j=1

Wj

K∑
k=1

Aj,k × f(G)r+∆rj,k
. (1)
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In Eq. 1, FXn,m is the feature for the 3D point Xn,m.
The deformable attention has J attention heads with at-
tention weights Wj generated from the query qGn . Within
each head, there are K offsets ∆rj,k and their weights Aj,k

mapped from the query qGn , where
∑K

k=1 Aj,k = 1. The
term f(G)r+∆rj,k

denotes the bilinearly interpolated fea-
ture at the location r+∆rj,k in f(G). These learnable off-
sets ∆rj,k allow the model to capture informative features
around the projected pixel coordinates r.

We retrieve features for all 3D points. If the ground im-
age G is panoramic, all points can find their 2D pixels inside
f(G). When G has a limited field of view, we record any
3D points projected outside f(G) and discard them when
performing ground-aerial point matching in later pose esti-
mation. Similar to [22], before mapping to 3D, the learnable
query qGn first undergoes a deformable self-attention layer to
gather information from neighboring 2D points, i.e., using
Eq. 1 by replacing f(G) with the queries of 2D points.

Pooling to BEV: Next, we pool the 3D points to the
BEV plane and generate a descriptor dGn for each 2D point
(xG

n , y
G
n ). Typically, this is done by summing [22] or tak-

ing max [29] feature among the M 3D points over height.
However, we argue that both approaches discard informa-
tion about which height contributes to the BEV feature, as
the dominant feature in summation or the argmax can vary
across channels. To identify the ground feature along height
that contributes to matching with the aerial view, we pro-
pose to learn the feature selection along height. Our abla-
tion study will show it also improves localization accuracy.

Given the 3D points Xn,m and their features FXn,m , we
treat the BEV pooling problem as a classification prob-
lem. We classify the importance of the M 3D points along
the height dimension and the feature gGn for the 2D point
(xG

n , y
G
n ) is then a weighted sum of the M features,

gGn =

M∑
m=1

el(FXn,m )∑M
m=1 e

l(FXn,m )
FXn,m

, (2)

where l maps each FXn,m
to a single value. We highlight

again that we do not have ground truth for this classification,
and the model needs to learn the feature selection backprop-
agated from the supervision on the camera pose.

In practice, we treat the mapping to 3D and pooling to
BEV as a unified module and iterate it I times (using gGn
as the new query qGn ), similar to [22]. Finally, we obtain
the descriptor dGn of the 2D point (xG

n , y
G
n ) by applying a

projection head on its final feature, dGn = proj(gGn ), and
the projection head consists of ResNet blocks [15], a small
self-attention layer, and a L2-normalization layer.

Aerial BEV sampling: Since the aerial view already
provides a BEV perspective, assigning features to points in
ξA only requires looking up the feature at the corresponding
locations in the extracted aerial image feature map f(A).

Specifically, for each point (xA
n , y

A
n ), its feature gAn is a bi-

linear interpolation at location (
(xA

n ,yA
n )

GSD + s) in f(A). Sim-
ilar to the ground branch, we use a projection head with the
same architecture to map gAn to a descriptor dAn .

3.3. Pose estimation

We compute the metric pose pm by first matching descrip-
tors of two point sets ξG and ξA, and then use Procrustes
alignment [30] based on matched correspondences.

Point-wise descriptor matching: Given the ground and
aerial point descriptors, {dG1 , ..., dGN} and {dA1 , ..., dAN}, we
first compute their pair-wise similarly score cnG,nA

,

cnG,nA
=

cosine similarity(dGnG
, dAnA

)

τ
, (3)

where τ is a temperature parameter and nG ∈ [1, N ], nA ∈
[1, N ] are indexes for ground and aerial descriptors.

Since the descriptor matching probability is the probabil-
ity that they are mutual nearest neighbors, we use the dual-
Softmax operator as in [3, 6, 37, 38] to compute the product
of the probability of dGnG

matched to dAnA
for a fixed nG and

the probability of dAnA
matched to dGnG

for a fixed nA,

DnG,nA
=

ecnG,nA∑N
nA=1 e

cnG,nA + eb
× ecnG,nA∑N

nG=1 e
cnG,nA + eb

.

(4)

The term DnG,nA
denotes the probability of the nG-

th ground point (xG
nG

, yGnG
) and the nA-th aerial point

(xA
nA

, yAnA
) are matched and b is a learnable dustbin param-

eter to allow unmatched points to be assigned to it [28].
Pose estimation by Procrustes alignment: We use

Kabsch solver [19] (details in Appendix) to compute the 3
DoF pose pm between the two point sets, ξG and ξA, given
their correspondences. This process is differentiable [2, 5].

Since not all information in the ground and aerial views
are matchable, we sample a subset of NS correspondences
for Procrustes based on the descriptor matching probability
D. Our ablation study will show that sampling a subset
provides better localization accuracy than using all points.

Inference with RANSAC: As our pose estimation re-
quires sampling from the matching probability D, we
can incorporate robust estimators, such as RANSAC [11],
in inference. We sample the descriptor matching prob-
ability R times. In each iteration r, we count the
inliers for the pose pr

m, computed using the sampled
correspondences. A ground-aerial point correspondence
(xG

nG
, yGnG

) ↔ (xA
nA

, yAnA
) is considered as an inlier if,√

(xA
ñG

− xA
nA

)2 + (yAñG
− yAnA

)2 < threshold, (5)

where (xA
ñG

, yAñG
) is acquired by transforming the ground

point (xG
nG

, yGnG
) using pr

m. Finally, we find the pose with
the most inliers and use all inliers to compute ppred

m .
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3.4. Loss

Our loss combines a Virtual Correspondence Error loss
adapted from [1] and a matching loss using a weight β,

L = LVCE + βLM . (6)

Our LVCE provides supervision signal on the predicted
pose pm. As shown in Fig. 2 right, we define a set of 2D
points (in blue) spanning a BEV space [−LV /2, LV /2]

2,
where LV is a hyperparameter. Then, we use the ground
truth pgt

m and predicted pose ppred
m to find the true (in

green) and predicted (in black) correspondences for the blue
points. Our LVCE then minimizes the mean Euclidean dis-
tance between all corresponding green and black points.

Besides supervising the camera pose, we use LM to pro-
vide a direct supervision signal on the ground-aerial point
descriptor matching. As the matchable information between
ground and aerial images is sparse, not all points in ξG

should find a correspondence in ξA and vice versa. There-
fore, we take the NS sampled correspondences to compute
LM . For each estimated correspondence (xG

nG
, yGnG

) ↔
(xA

nA
, yAnA

), we find for the ground point (xG
nG

, yGnG
) the

ground truth aerial point (xA
n̂G

, yAn̂G
) using pgt

m and then
compute an infoNCE loss [26] for all NS correspondences,

LG
infoNCE = − log

∑NS

nG=1 e
cnG,n̂G∑NS

nG=1

∑N
nA=1 e

cnG,nA

, (7)

where c is the descriptor similarity score (Eq. 3). Similarly,
we compute an infoNCE loss by finding the ground truth
ground point (xG

n̂A
, yGn̂A

) for each aerial point (xA
nA

, yAnA
),

LA
infoNCE = − log

∑NS

nA=1 e
cnA,n̂A∑NS

nA=1

∑N
nG=1 e

cnG,nA

. (8)

Finally, LM is an average of the two infoNCE losses,

LM = (LG
infoNCE + LA

infoNCE)/2. (9)

4. Experiments
We first introduce the used datasets and evaluation metrics.
Then, our implementation details are presented. Next, we
compare our method to previous state-of-the-art and show
ground-aerial fine-grained feature matching results. Finally,
we conduct an ablation study on key hyperparameters.

4.1. Datasets and evaluation metrics

We use two datasets in our experiments.
VIGOR [51] contains ground-level panoramas and

aerial images collected in four cities in the US. It has two
settings: same-area and cross-area. In the same-area setting,

the training and test images come from all cities, whereas,
in the cross-area setting, training images are from two cities,
and test images are from the other two. Consistent with pre-
vious evaluation protocol [20, 47]: we include both known
and unknown orientation settings; use the positive samples,
i.e., ground images located in the center 1/4 region in the
aerial images; split 20% of training data for validation and
ablation study; and use the ground truth labels from [20].

KITTI [12] provides front-facing images with a lim-
ited field of view collected in Germany. [33] provides
aerial images for KITTI. Similar to VIGOR [51], the data
is split into same-area and cross-area. We adopt the com-
mon setting [31] that ground images are located in the cen-
ter 40 m × 40 m area of their corresponding aerial images,
and there is an orientation prior with noise between ±10◦.

Metrics: We report mean and median localization and
orientation errors. Following [43, 47], on KITTI, we further
decompose localization errors into longitudinal and lateral
components based on the driving direction, and report the
percentage of samples within given error thresholds.

4.2. Implementation details

On VIGOR, we have 41× 41 points in both ξG and ξA, and
each ground 2D point is lifted to 11 3D points, regularly
distributed from −20 m to 20 m (assuming the camera is at
0 m). On KITTI, we use the same number of points in ξA.
Since KITTI’s ground image has a limited field of view, we
create ground points only in front of the camera, resulting
in 21×41 points in ξG. The 11 3D points span from −25 m
to 25 m to ensure all content in the image can be mapped to
3D. Similar to [22], we iterative the unified BEV mapping
module I = 6 times. As in [3], we use τ = 10 in Eq. 3. We
sample NS = 1024 correspondences and keep their match-
ing scores as weights when solving Procrustes alignment.

On both datasets, we use AdamW [23] with a learning
rate of 1 × 10−4, and our batch size is 24. The weight β
in our loss is set to 1, and we use 10 × 10 2D points over
[−2.5 m, 2.5 m]2 space (LV = 5 m) when computing LVCE.

4.3. Quantitative results

VIGOR: We compare our method against previous state-
of-the-art, including both global descriptor-based [20, 47]
and local feature-based [34, 36, 43] methods.

As shown in Tab. 1, our method achieves a considerably
lower mean localization error than others when the orien-
tation is known. Compared to the previous state-of-the-art,
HC-Net [43], our method reduces the mean localization er-
ror by 26% and 28% on the same-area and cross-area test
sets, respectively. Our median errors are on par with those
of previous best-performing methods, DenseFlow [36] and
GGCVT [34], while having substantially lower mean errors.

Unknown orientation poses a greater challenge. GGCVT
and HC-Net did not report results for this setting. The
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Orien. Methods
Same-area Cross-area

↓ Localization (m) ↓ Orientation (◦) ↓ Localization (m) ↓ Orientation (◦)
Mean Median Mean Median Mean Median Mean Median

Known

SliceMatch [20] 5.18 2.58 - - 5.53 2.55 - -
CCVPE [47] 3.60 1.36 - - 4.97 1.68 - -
GGCVT [34] 4.12 1.34 - - 5.16 1.40 - -
DenseFlow [36] 3.03 0.97 - - 5.01 2.42 - -
HC-Net [43] 2.65 1.17 - - 3.35 1.59 - -
Ours 1.95 1.08 - - 2.41 1.37 - -

Unknown

SliceMatch [20] 6.49 3.13 25.46 4.71 7.22 3.31 25.97 4.51
CCVPE [47] 3.74 1.42 12.83 6.62 5.41 1.89 27.78 13.58
DenseFlow [36] 4.97 1.90 11.20 1.59 7.67 3.67 17.63 2.94
Ours 8.95 7.32 15.02 2.94 10.02 8.14 31.41 5.45
Ours† 3.78 1.70 12.63 1.44 5.95 2.40 28.41 2.20

Table 1. VIGOR test results. Ours† means using our method with a two-step inference to boost the performance. Best in bold.

global descriptor-based method CCVPE [47] outperforms
all local feature-based methods, including ours. CCVPE
has a localization branch and an orientation branch. Its lo-
calization branch is designed to be invariant to different ori-
entations. While our localization and orientation are com-
puted jointly. When orientation is unknown, our method
must distinguish a tree along one viewing direction from all
other trees in the scene, posing a challenging learning task.
In contrast, when orientation is known, our model can focus
on distinguishing objects along specific rays.

In practice, unknown orientation is less common, as we
can obtain orientation estimates from a phone’s built-in
compass or temporal information. Nevertheless, we em-
phasize that, since our method accurately estimates orienta-
tion, we can use the model’s prediction to rotate the ground
panorama to a roughly orientation-aligned setting. We then
apply another model, trained with a small orientation noise
range, e.g., ±20◦, to estimate the pose again. This simple
two-step inference largely reduces the gap to state-of-the-art
when testing with unknown orientation.

KITTI: Our method outperforms the previous state-of-
the-art w.r.t. mean localization errors, while having slightly
higher median errors, see Tab. 2. Compared to HC-Net [43],
our method achieves comparable performance when testing
on images from the same area but shows much lower mean
and median errors when testing on images from different
areas, demonstrating better generalization capability.

Since KITTI images have a limited field of view, lo-
calization in the longitudinal direction is more challenging
than that in the lateral direction. Consequently, all methods
have high recall in the lateral direction, and ours achieves
the highest. For orientation prediction, our method per-
forms slightly worse than the baselines. Most KITTI images
view along the direction of the road, which creates a bias
that other methods can easily learn. As the full aerial fea-

ture directly contributes to their output, simply predicting
the road orientation leads to very low orientation errors. In
contrast, our method must infer the pose from sparse match-
ing results, making it more challenging to exploit this bias.

4.4. Qualitative results

Fine-grained feature matching: A major advantage of our
method is its interpretability. Global descriptor-based meth-
ods [20, 47] condense the entire ground image into a sin-
gle descriptor, making it unclear which ground local fea-
ture matches with which aerial local feature. Previous lo-
cal feature-based methods [36, 43] match features in BEV
space, but they do not explicitly track which ground fea-
ture along the height contributes to the BEV representation.
More importantly, they use a learned module to output the
camera pose based on the matching scores. We observed
with HC-Net [43] that if we swap the order of ground and
aerial features, its pose estimator does not produce an in-
verse pose of the unswapped version. This makes it unclear
how feature matching influences the localization result.

In contrast, our estimated pose is a direct result of the
sampled matching scores. Meanwhile, our proposed feature
selection along height allows us to track which ground fea-
tures in the image contribute to the matching in BEV space,
making localization more interpretable.

We visualize the top 20 matched ground-aerial corre-
spondences in Fig. 3. Overall, the matched content is se-
mantically consistent. In (a) and (b), the points around zebra
crossings in the ground view are matched to the zebra cross-
ings in the aerial view. In (c) and (d), the points near the
curbs and road markings in the ground view are matched to
those curbs in the aerial view. Given that ground and aerial
images capture the scene from perpendicular perspectives,
our model matches building facades in the ground image to
roofs in the aerial view, see Fig. 3 (b), (c), (e) and (f), similar
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KITTI ↓ Loc. (m) ↑ Lateral (%) ↑ Long. (%) ↓ Orien. (◦) ↑ Orien. (%)
Mean Median R@1m R@5m R@1m R@5m Mean Median R@1◦ R@5◦

Sa
m

e-
ar

ea

GGCVT [34] - - 76.44 98.89 23.54 62.18 - - 99.10 100.00
CCVPE [47] 1.22 0.62 97.35 99.71 77.13 97.16 0.67 0.54 77.39 99.95
HC-Net [43] 0.80 0.50 99.01 99.73 92.20 99.25 0.45 0.33 91.35 99.84
DenseFlow [36] 1.48 0.47 95.47 99.79 87.89 94.78 0.49 0.30 89.40 99.31
Ours 0.75 0.52 99.73 100.00 86.99 98.75 1.28 0.74 61.17 95.65

C
ro

ss
-a

re
a GGCVT [34] - - 57.72 91.16 14.15 45.00 - - 98.98 100.00

CCVPE [47] 9.16 3.33 44.06 90.23 23.08 64.31 1.55 0.84 57.72 96.19
HC-Net [43] 8.47 4.57 75.00 97.76 58.93 76.46 3.22 1.63 33.58 83.78
DenseFlow [36] 7.97 3.52 54.19 91.74 23.10 61.75 2.17 1.21 43.44 89.31
Ours 7.45 4.03 89.46 99.80 12.42 55.73 3.33 1.88 30.34 81.17

Table 2. KITTI test results. We did not include the almost pixel-perfect (KITTI aerial image’s GSD: 1 pixel = 0.2 m) localization result
from [42], as we cannot reproduce it because of the unavailability of the code. Best in bold.

GT
Ours(a)

GT
Ours(b)

GT
Ours(c)

GT
Ours(d)

GT
Ours(e)

GT
Ours(f)

Figure 3. Fine-grained feature matching results on VIGOR with known orientation. We show the 20 matches with the highest similarity
scores. We find the 3D points using the selected height in the last pooling to BEV step and then project those points to the ground image.

to how humans would do when localizing themselves. We
emphasize again that this matching is learned in a weakly
supervised manner, as we have only the ground truth cam-
era pose and no explicit local feature correspondences.

Visualization of selected height: Our fine-grained fea-
ture matching is enabled by the proposed feature selection
along height. Next, we visualize the selected height when
pooling the ground 3D points onto the BEV plane in Fig. 4.

The first panorama shows a road in a roughly northeast-

southwest direction, with buildings on the side. The height
map shows that the model focuses on lower-height features
along the road while paying attention to higher points at the
sides of the road. Similarly, in the second example, the road
runs from northwest to southeast, and our model again fo-
cuses on on-ground features along the road and shifts focus
to higher points where there are buildings. By supervising
only the camera pose, our model learns to select appropriate
features along the height based on the image content.
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