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Abstract. Cross-view localization (CVL) estimates the pose of a ground
image by matching it to a geo-referenced satellite image. To bridge the
extreme viewpoint gap, mainstream pipelines rely on Bird’s-Eye-View
(BEV) transformations or 2D-to-3D lifting. However, deriving 3D struc-
tures from a single ground image is fundamentally ill-posed, causing these
methods to endure geometric distortions and computational costs dur-
ing 3D lifting or BEV projection. Furthermore, relying on external depth
foundation models to resolve this introduces latency and remains suscep-
tible to noisy predictions. In this work, we present a different approach
inspired by a human navigation technique called resection, that can per-
form direct ground-to-satellite image matching and localization without
relying on external depth foundation models. The key insights of our
method are that (i) ground keypoints can be translated into azimuthal
rays on the satellite map, and (ii) these rays ideally converge at the
user location. Exploiting this geometric constraint through direct line-
to-point correspondences, we introduce a minimal Azimuthal Ray Con-
vergence (ARC) solver to identify the intersection alongside an ARC loss
to optimize the matching network. By eliminating dependencies on com-
putationally heavy BEV transformations and external depth foundation
models, our approach achieves faster, memory-efficient inference, while
its explicit feature matching ensures straightforward compatibility with
existing frameworks. Experiments on VIGOR and KITTI demonstrate
that ARC-Loc maintains competitive localization accuracy compared to
recent approaches, highlighting its practicality.

Keywords: cross-view localization · azimuthal ray · resection · corre-
spondence matching

1 Introduction

Cross-view localization (CVL) aims to estimate the pose of a ground camera
given a geo-referenced aerial image. This is particularly crucial for autonomous
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Fig. 1: (Left) Localization procedure of ARC-Loc, (Right) comparison of CVL
approaches. Given the matched descriptors across the ground image and the aerial
satellite image, each ground keypoint’s azimuth is mapped into a line constraint on the
satellite map by drawing an azimuthal ray from the corresponding satellite keypoint
along the ground-view azimuth. The user device must lie on this ray, and the location
is obtained by the intersection point of these rays. Based on this mechanism, ARC-Loc
does not require computationally heavy BEV transformations or external depth foun-
dation models, achieving faster inference times and competitive localization accuracy.

driving and urban planning in environments such as urban canyons, which are
highly prone to GNSS denial and multipath interference [3]. While consumer-
grade IMUs can reliably provide stable global orientation [5, 23], recovering the
precise global position remains highly challenging. Existing HD map-based ap-
proaches that solve this demand massive costs for creation and maintenance [33].
In response, CVL has emerged as a promising alternative by matching ground
images against globally accessible, geo-referenced satellite imagery. Nevertheless,
bridging the visual gap caused by the drastic viewpoint differences between the
two domains remains a formidable task.

As shown in Fig. 1, prior CVL approaches generally fall into three categories,
each facing distinct challenges in bridging the severe ground-to-aerial viewpoint
gap. Global descriptor-based methods [12, 29, 30] estimate pose by comparing
single-vector representations, inherently sacrificing the fine-grained geometric
details needed for precise localization. To preserve spatial cues, recent methods
project ground features into an orthographic Bird’s-Eye-View (BEV) space [6,10,
13,25,28]. However, projecting 2D ground pixels into a BEV coordinate system
fundamentally requires unavailable 3D priors, introducing geometric distortion
and additional computation for estimating depth, either via implicit learning [6,
25,28] or by relying on depth foundation models [25,28].

Furthermore, rendering a BEV view requires non-trivial height estimation
to determine exactly which ground pixels correspond to surfaces actually visible
from the satellite [26, 28], often leading to undesired geometric distortions. Al-
ternatively, a direct matching-based framework such as Loc2 [31] bypasses BEV
warping through direct 2D-2D correspondences, yet still relies on external depth
priors for 3D lifting [15], introducing sensitivity to depth inaccuracies. Thus, ex-
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isting paradigms leave ample room for cross-view localization strategies free from
geometric distortions, computational cost, and/or external depth dependencies.

A fundamental reason existing frameworks rely on complex 3D or BEV rep-
resentations is their attempt to simultaneously resolve both translation and ro-
tation. In the real-world applications such as autonomous vehicles [4, 8], the re-
liable global orientation can be obtained by standard IMUs [5,23] or orientation
prediction networks [19, 25]. Hence, we can reframe the cross-view localization
task to focus on estimating precise position. For this purpose, we draw inspi-
ration from a traditional human navigation technique called resection [1], in
which an observer can determine his or her exact position by identifying visi-
ble landmarks, measuring the azimuth (bearing) to each landmark, and drawing
corresponding rays on the 2D (aerial) map. The true location then lies at the
convergence point of these azimuthal rays. We hypothesize that this purely 2D,
line-intersection constraint can be directly adapted for cross-view localization,
where ground-level visual features act as the azimuth measurements and the 2D
aerial map serves as the global coordinate frame.

Motivated by the above principle, we present ARC-Loc, a novel framework
that leverages Azimuthal Ray Convergence (ARC) as a geometric cue for cross-
view localization. Specifically, we can interpret direct 2D ground-to-2D satel-
lite point correspondences as 2D line (azimuthal rays)-to-2D point constraints
(Fig. 1), and subsequently the camera position can be estimated at the conver-
gence point of these azimuthal rays. To implement this, we introduce the ARC
solver, a differentiable line-based solver capable of estimating the camera posi-
tion from a minimal set of just two ground-aerial correspondences. Furthermore,
to train the network for robust feature matching without dense correspondence
labels, we propose the ARC loss, which enforces both accurate position estima-
tion and the convergence of the mapped azimuthal rays. By operating entirely
in the native 2D image domain without dependencies on external depth founda-
tion models or BEV transformation, ARC-Loc avoids geometric distortions and
achieves faster, memory-efficient inference. Moreover, ARC-Loc enables explicit,
interpretable local feature matching similar to [28,31]. This provides straightfor-
ward compatibility with geometric correspondence-based pipelines [28,31], while
seamlessly supporting RANSAC for robust cross-view localization.
To summarize, our key contributions are as follows:

– ARC-Loc: a cross-view localization framework inspired by a traditional
navigation technique that eliminates dependency on BEV transformation or
external depth models, achieving faster and memory-efficient inference.

– ARC solver: a differentiable (closed-form) minimal solver for estimating
camera position from minimum of two azimuthal ray-to-aerial point con-
straints that is also compatible with RANSAC for robust localization.

– ARC loss: a loss function based on the geometric constraint of azimuthal
ray convergence for effective training of feature matching network without
requiring dense correspondence labels or depth priors.

Extensive experiments on VIGOR and KITTI datasets demonstrate that ARC-
Loc achieves competitive localization accuracy while eliminating reliance on BEV
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transformations and external depth foundation models, highlighting its practi-
cability for real-world autonomous applications.

2 Related work

Global descriptor-based approaches. Early cross-view localization largely
treated the task as image retrieval by learning a shared embedding for ground
and satellite views [9, 24]. Subsequent works showed that these global represen-
tations can be extended to metric localization by regressing pose from global
features [34]. To improve spatial precision within this paradigm, later methods
introduced finer matching mechanisms such as grid-structured descriptors [30],
cyclic/rolling matching in CCVPE to address orientation uncertainty [29], and
cross-attention between ground features and satellite patches [12,32]. Neverthe-
less, global-descriptor approaches inherently compress images into compact vec-
tors, sacrificing geometric details, and their accuracy is also bounded by satellite
patch resolution, making high-precision (i.e. sub-meter) localization challenging.

BEV-based approaches. To bridge the extreme viewpoint gap between per-
spective ground views and orthographic satellite views, the dominant trend has
shifted towards transforming ground images into an intermediate Bird’s-Eye-
View (BEV) representation. Initial approaches, such as DenseFlow [22] and HC-
Net [27], relied on explicit geometric projections like Inverse Perspective Mapping
(IPM). While computationally efficient, IPM relies on the flat-world assump-
tion, leading to geometric distortion or loss of vertical structures (e.g . buildings,
trees), which are critical landmarks in urban environments [25]. To mitigate the
geometric distortions, recent methods [6,13,20,28] employ learning-based trans-
formations. GGCVT [20] and Fevers et al . [6] utilize the transformer model to
learn the perspective-to-BEV mapping implicitly. More recently, FG2 [28] adapts
the BEVFormer [13] architecture, lifting 2D image features into a 3D voxel space
via deformable attention to synthesize a BEV feature map and performing 2D
Procrustes alignment [17] to estimate pose. Similarly, BevSplat [25] leverages 3D
Gaussian Splatting [10] to render high-quality BEV features, where a depth foun-
dation model [15] is utilized to supervise the generation of 3D Gaussian prim-
itives. While recent learning-based BEV methods are elevating the localization
accuracy, performing accurate BEV warping remains fundamentally challeng-
ing due to the inherent lack of exact 3D priors. Furthermore, rendering a BEV
view requires non-trivial height estimation to determine which ground pixels are
actually visible from the satellite [25, 26]. Consequently, compensating for this
missing 3D structure via explicit depth estimation or implicit BEV transforma-
tions [6, 25,28] not only demands heavy additional computation, but inherently
leads to geometric distortions during BEV warping.

Direct local feature matching-based approach. The most recent work,
Loc2 [31], takes a slightly different approach by matching directly in the original
domain. They extract ground and aerial features from each respective image,
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Fig. 2: Overview of ARC-Loc. The pipeline comprises two main stages: feature
matching and localization. Initially, we extract dense features using a pretrained vi-
sual feature encoder and pass them through keypoint and descriptor heads. Then, by
leveraging a matching matrix based on descriptor similarity and keypoint confidence,
ARC-Loc establishes direct ground-aerial correspondences and transforms the ground
matches into azimuthal rays. ARC solver then estimates the camera position by finding
the intersection of these rays. During inference, as our solver requires a minimal set of
just two correspondences, RANSAC can be equipped, enabling robust estimation.

lift the matched ground keypoints to the 3D space using a depth foundation
model [15], and estimate pose via Procrustes alignment [17]. Through this ex-
plicit matching approach, they provide greater interpretability compared to pre-
vious implicit approaches, enable the use of RANSAC for robust estimation,
and mitigate the burden of BEV transformations. Nevertheless, its reliance on
an external depth foundation model not only introduces computational overhead
but also makes the estimated pose highly sensitive to noisy depth predictions,
resulting in slightly lower accuracy than recent CVL methods as shown in Tab. 1.

3 Proposed method

We now illustrate the overall pipeline of our ARC-Loc method. Following several
previous studies in cross-view localization [19, 25], our framework assumes the
heading prior is provided to some degree of accuracy. This is partly due to
the fact that the ground heading can be readily obtained from consumer-grade
IMUs [5, 33] (e.g . modern electronic devices such as cellphones, cars, etc.) or
orientation prediction network [19]. Subsequently, our framework is primarily
designed to estimate precise camera position under known orientation, although
it remains robust to practical degree of orientation noise as shown in Fig. 4.

3.1 Framework overview

The proposed framework processes a ground image Ig and a geo-referenced satel-
lite image Is to estimate the camera’s position p ∈ R2. As shown in Fig. 2, the
pipeline begins by extracting dense features to perform local feature matching,
establishing direct 2D-2D cross-view correspondences between ground keypoints



6 H.Kim and M.Kim et al.

{ui ∈ R2} and satellite keypoints {xi ∈ R2}. Each pair is then assigned with
a matching confidence weight wi, where i denotes the correspondence index.
Then, the matched ground keypoints are converted to respective azimuthal rays
on the satellite image, providing geometric cues. Finally, we estimate the camera
position p using our proposed ARC solver.

3.2 Cross-view feature extraction and direct matching

Feature extraction. Following prior cross-view localization works that leverage
vision foundation models [25, 28, 31], we adopt the pretrained RADIOv3-L [16]
as the backbone feature encoder. Given the cross-view images Ig and Is, the
backbone extracts dense feature maps Fg ∈ RC×Hg×Wg and Fs ∈ RC×Hs×Ws ,
respectively, where C denotes the output channel dimension. Since these models
are known to provide rich semantic understanding and discriminative local rep-
resentations, we anticipate these help to bridge the extreme visual gap between
ground and satellite views.

The obtained features from the above encoder are then passed to two lightweight
heads of identical architecture, namely a descriptor head (fD) and a keypoint
head (fK) both of which extract necessary keypoint information for matching
correspondences. Both heads essentially consist of multiple convolutional layers
followed by a self-attention layer to integrate contextual information. Since we
have separate heads for the ground view (fg

D and fg
K) and satellite view (fs

D and
fs
K), we yield two dense descriptor maps (Dg, Ds) and two keypoint confidence

maps (Kg, Ks) defined as follows:

Dg = fg
D(Fg) ∈ R

C
8 ×Hg×Wg , Ds = fs

D(Fs) ∈ R
C
8 ×Hs×Ws ,

Kg = fg
K(Fg) ∈ RHg×Wg , Ks = fs

K(Fs) ∈ RHs×Ws .
(1)

Direct feature matching. To compute the matching probabilities between
cross-view image descriptors, we first define the pairwise similarity score as
Simmn = sim(dm

g ,dn
s )/τ , where sim(·, ·) denotes the cosine similarity. Here, dm

g

and dn
s denote the m-th and n-th descriptors within the flattened maps Dg and

Ds, respectively. The indices m ∈ {1, . . . , HgWg} and n ∈ {1, . . . ,HsWs} repre-
sent the 1D spatial positions, and τ is a temperature hyperparameter. Since not
all features are matchable, we employ a dual-softmax operator with a learnable
dustbin parameter z. The matching probability Mmn is then computed as:

Mmn =
exp(Simmn)∑HsWs

k=1 exp(Simmk) + exp(z)
· exp(Simmn)∑HgWg

l=1 exp(Simln) + exp(z)
. (2)

Inspired by [2], we then compute the final matching confidence weight matrix
Wmn = Mmn ·km

g ·kn
s , where km

g and kn
s denote the keypoints’ confidence scores

at indices m and n from the flattened maps Kg and Ks, respectively. This in-
tegrates descriptor matching probability with keypoint selection confidence, en-
abling the matching module to favor correspondences supported by both strong
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descriptor similarity and reliable keypoint predictions. Based on {Wmn}, we
select the top-N correspondences with the highest similarity scores across all
possible combinations of ground and satellite keypoints. Consequently, the i-th
selected correspondence (i ∈ {1, . . . , N}) consists of the satellite 2D keypoint xi,
corresponding ground keypoint ui and the matching confidence weight wi.

3.3 Azimuthal ray generation

For each 2D ground-to-2D satellite keypoint correspondence, the respective az-
imuthal ray li ∈ P2 is constructed by drawing a line on the satellite map crossing
the satellite keypoint (xi) along the 2D direction vector r(ϕi) ∈ R2, which has
a slope of tan(π/2− ϕi) with respect to the global x-axis of the North-up satel-
lite map. This yields a 2D point-to-line geometric constraint between the aerial
keypoint and the azimuthal ray, expressed as

li = xi + λr(ϕi), l⊤i xi = 0, (3)

where λ ∈ R denotes a scaling parameter that spans the entire infinite line.
As the camera location p ideally exists at the intersection of all azimuthal rays
{li}Ni=1, we can formulate as p =

⋂N
i=1 li.

3.4 Localization with the ARC solver

After obtaining the 2D ground line-to-2D aerial point correspondences and their
geometric constraints, ARC-Loc estimates the camera position through a closed-
form solution derived in Eq. (5). To this end, we introduce the geometric for-
mulation of our ARC minimal solver, followed by robust estimation. Then, we
describe a detailed strategy to handle noisy orientation priors in real-world cases.

ARC solver. As mentioned in Sec. 3.3, the ground camera ideally lies ex-
actly at the intersection of the mapped azimuthal rays. In practice, however,
correspondences inevitably contain false-positive matches that prevent the strict
ray convergence at single point. To address this, our ARC solver relaxes the
strict intersection constraint into a weighted line-to-point distance minimization
problem, where the confidence weight wi implicitly prioritizes reliable correspon-
dences during optimization. Thus, the optimal camera position p̂ is derived as:

p̂ = argmin
p

N∑
i=1

wi · dist(p, li)2, (4)

where dist(·, ·) and N denote the perpendicular line-to-point distance and num-
ber of correspondences, respectively. To effectively solve the objective func-
tion in Eq. (4), we cast the minimization as a weighted linear least-squares
problem. We first define the unit normal vector of the i-th azimuthal line as
ni = [sin(ϕi), cos(ϕi)]

⊤. Then, the perpendicular distance from the candidate
position p to the i-th azimuthal ray (li) can be calculated by projecting the vec-
tor (p− xi) onto the line’s normal vector ni, which is expressed as n⊤

i (p− xi).
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By substituting this into Eq. (4), we can derive the optimal position p̂ in a closed
form as

p̂ = (A⊤ΩA)−1A⊤Ωb, (5)

A ∈ RN×2 is the design matrix with its i-th row as n⊤
i , b ∈ RN is the target

vector with bi = n⊤
i xi, and Ω = diag(w1, . . . , wN ) is the diagonal weight matrix.

Note, Eq. (5) implies two key aspects. First, p̂ can be estimated using two
minimal correspondences. Second, since p̂ is a closed-form solution of {wi}, this
can be efficiently used for end-to-end training of our pipeline via pose supervision.
The full derivation of Eq. (5) is provided in the supplement [11].

Robust estimation. During the inference, as cross-view matching inherently
produces a large number of false-positive matches, we equip the ARC-solver
with the RANSAC [7] for robust position estimation. To select the best position
hypothesis phyp, we use a line-to-point distance-based score function defined as:

S(phyp) =

N∑
i=1

wi

1 + (dist(phyp, li)/σ)
2 , (6)

where σ is a scaling parameter and li denotes the i-th azimuthal line. During
inference, as the ARC solver requires a minimal two line-point correspondences
to generate phyp, we sample multiple hypotheses and select the one maximizing
S(phyp) as the initial position. The final position is then obtained via Eq. (5)
using all inlier correspondences with the initial position.

Extension for handling noisy orientation. While the global orientation
can be obtained from consumer-grade IMUs or orientation prediction networks,
these initial estimates inevitably contain some degree of noise [23]. To handle
such perturbed conditions, we generate a set of fine-grained heading candidates
({ϕhyp}) by dividing the search range [ϕ0−∆, ϕ0+∆] into equally spaced inter-
vals, where ϕ0 denotes the noisy orientation prior, and ∆ denotes the expected
deviation of the orientation noise. For each candidate, we update the sets of
azimuthal rays {li}Ni=1 in Eq. (3) with candidate orientation (ϕhyp). Then, for
each candidate, we estimate the corresponding position (phyp) with RANSAC
using the quality score in Eq. (6). Consequently, this process yields a set of paired
hypotheses (ϕhyp,phyp). We then select the best orientation candidate that max-
imizes Eq. (6) and use its associated camera position as the final estimation.

Although executing RANSAC for multiple heading candidates may seem
to incur high computational cost at first instance, we can efficiently mitigate
this overhead at the implementation level by leveraging a parallelized RANSAC
framework on modern GPUs such as NVIDIA A100.

3.5 Loss function

To train the ARC-Loc framework in an end-to-end manner, we introduce the Az-
imuthal Ray Convergence (ARC) loss (Fig. 3) LARC, which is a composite of the
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Fig. 3: ARC loss visualization. Our ARC loss aims to supervise the ARC-Loc
framework in an end-to-end manner. (a) The ray-distance loss enforces the azimuthal
lines to converge at the predicted location without requiring explicit matching labels,
while (b) the position loss directly minimizes the discrepancy between the predicted
and ground-truth camera positions. By backpropagating these geometric errors, the
network implicitly learns feature matching by penalizing geometrically inconsistent
outliers.

position loss (Lposition) and the (azimuthal) ray-distance loss (Lray−dist). Specif-
ically, LARC = Lposition+αLray−dist, where α is a hyperparameter to balance the
two terms. Lposition is defined as ∥pgt− p̂∥22, where pgt is the ground-truth posi-
tion and p̂ is the estimated position, providing direct supervision signal for the
camera location. On the other hand, Lray−dist is defined as

∑N
i=1 w̄i ·dist(p̂, li)2,

where {w̄i} represent a set of normalized weights obtained by applying the soft-
max operation to the matching scores {wi}. By leveraging the solver’s predicted
position p̂ as a geometric anchor, this objective explicitly penalizes rays that
fail to converge. Since this loss is weighted by the matching confidence w̄i, the
keypoint and descriptor heads (Sec. 3.2) learn to lower the matching scores of
correspondences yielding geometrically inconsistent azimuthal rays, acting as an
effective geometric regularization technique for cross-view localization.

4 Experiments

4.1 Datasets and evaluation metrics

VIGOR dataset. VIGOR [34] is a benchmark for fine-grained cross-view lo-
calization, comprising 360◦ ground panoramas and 70 m × 70 m geo-referenced
satellite images from four cities (Chicago, NewYork, SanFrancisco, Seattle). It
provides Same-Area (unseen locations) and Cross-Area (unseen cities) settings
for evaluation. To assess orientation robustness, we use both orientation-aligned
panoramas and those with noisy orientations applied via horizontal cyclic shifts.

KITTI dataset. KITTI [8,18,21] is a widely used benchmark featuring perspec-
tive images from front-facing cameras paired with 100 m× 100 m geo-referenced
satellite maps. An orientation prior is typically provided with an added noise
level of approximately ±10◦ to simulate the inaccuracies of consumer-grade
IMU/compass. The dataset is partitioned into Training, Test1, and Test2 sets.
While the Training and Test1(Same-Area) sets consist of different measurements
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Table 1: Localization results on the VIGOR dataset under the known orientation
setting. The best and second-best results within each category (BEV and Non-BEV)
are highlighted in bold and underlined, respectively.

Type Models
Same-Area Cross-Area

↓ Localization (m) ↓ Localization (m)
Mean Median Mean Median

BEV

GGCVT 4.12 1.34 5.16 1.40
DenseFlow 3.03 0.97 5.01 2.42
G2SWeakly 4.19 1.68 4.70 1.68
HC-Net 2.65 1.17 3.35 1.59
FG2 1.95 1.08 2.41 1.37
BevSplat 2.87 1.58 2.84 1.36

Non-BEV

SliceMatch 5.18 2.58 5.53 2.55
CCVPE 3.60 1.36 4.97 1.68
Loc2 3.06 1.59 3.43 1.90
ARC-Loc (ours) 2.52 1.20 3.11 1.59

taken from the same region in the training data sequence, the Test2(Cross-Area)
set contains data from unseen regions.

Metrics. We evaluate ARC-Loc using mean and median position and orienta-
tion errors on both datasets. For KITTI, we additionally report recall at position
(R@1m,R@5m) and orientation (R@1◦, R@5◦) thresholds, and decompose the
position error into longitudinal and lateral components. We further assess local-
ization accuracy given known orientations as well as under noisy prior conditions
designed to reflect the practical error ranges of consumer-grade IMUs. Finally, we
report inference latency and memory usage to evaluate practical deployability.

Implementation details. We employ pretrained RADIOv3-L [16] as our fea-
ture backbone, keeping weights frozen to preserve generalized representations.
Input images are resized to 720× 1440 for ground panoramas and 656× 656 for
satellite images. Both descriptor and keypoint heads project features into a 128-
D space. During matching, we compute cosine similarity with a temperature of
τ = 0.1 and select the top N = 512 correspondence pairs to generate azimuthal
rays. The model is trained using the Adam optimizer with the initial learning
rate of 10−4 and a Cosine Annealing scheduler. We set the ARC loss coefficient
α to 0.5 and train with a batch size of 64 on a single NVIDIA A100 GPU. For
the KITTI dataset, we adopt the orientation estimator from [19].

4.2 Localization results

To demonstrate the effectiveness of our proposed ARC-Loc, we compare ARC-
Loc against the state-of-the-art cross-view localization methods, including BEV-
based approaches [19,20,22,25,27,28] and Non-BEV approaches [12,29,31].

VIGOR. In Tab. 1, we first evaluate ARC-Loc under the known orientation set-
ting. Notably, our method achieves the lowest position error among all Non-BEV



ARC-Loc 11

0 ±3 ±5 ±10 ±30 ±45

Orientation Noise (°)

2.50

2.75

3.00

3.25

Tr
an

sl
at

io
n 

M
ea

n 
E

rr
or

 (m
)

2.52

2.66 2.67 2.65

2.92

3.22

Fig. 4: Impact of orientation noise. Mean
position error under bounded heading un-
certainty (±∆◦), accounting for IMU errors
(±5.9◦) [23] and environmental disturbances.

ARC-Loc FG2
0.0

0.5

1.0

1.5

2.0

2.5

3.0

Tr
an

sl
at

io
n 

E
rr

or
 (

m
)

2.65

2.35

1.29

1.61

Trans. Mean Error
Trans. Med. Error

Fig. 5: Position mean and median er-
rors of ARC-Loc versus FG2 given
±10◦ orientation noise.

methods. Specifically, it outperforms Loc2 without relying on any external depth
modules, reducing the mean localization error by 17.6% on the Same-Area and
by 9.3% on the Cross-Area. Compared to BEV-based methods, ARC-Loc yields
a slightly higher error than the state-of-the-art FG2 [28], while still exhibiting
lower mean position errors than several BEV-based approaches, demonstrating
its highly competitive localization accuracy. In Overall, ARC-Loc achieves the
second-best overall mean error on the Same-Area setting, closely following FG2.
We visually confirm this mechanism in Fig. 6, under the known orientation set-
ting, the extracted azimuthal rays converge around the ground-truth location,
highlighting the interpretability of our framework without explicit 3D lifting.

While the previous results validate the effectiveness of our position-focused
design under known orientation, real-world deployment often involves noisy sen-
sor data. To evaluate our framework’s robustness in such practical scenarios, we
further evaluate ARC-Loc under bounded heading uncertainties. Fig. 4 demon-
strates our model’s stability, showing that the mean position error remains
within 2.65 m for noise levels up to ±10◦, before gradually increasing at larger
noise bounds (e.g., ±45◦). Notably, despite having a higher mean position error
than FG2 under the practical ±10◦ noisy orientation setting (Fig. 5), ARC-
Loc achieves a lower median position error of 1.29 m. This confirms that our
azimuthal ray based approach is effective even under orientation noise.

KITTI. We evaluate ARC-Loc against both BEV-based and Non-BEV meth-
ods. As shown in Tab. 2, ARC-Loc demonstrates competitive position accu-
racy on the Same-Area setting, performing on par with leading BEV-based
approaches like FG2 and outperforming existing Non-BEV baselines. On the
Cross-Area setting, our method yields a higher position error than Loc2, but
it maintains stable performance. This result can be attributed to our line-based
geometric formulation, which relies on precise azimuthal cues that are inherently
more challenging to extract under the restricted FoV and unseen layouts of the
Cross-Area setting. Nevertheless, these findings suggest that ARC-Loc effectively
balances computational efficiency with localization accuracy, positioning it as a
feasible alternative to more computationally intensive models.
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Table 2: Quantitative comparison on the KITTI dataset under orientation noise
(±10◦). The best and second-best results within each category (BEV and Non-BEV)
are highlighted in bold and underlined, respectively. * denotes the use of the orienta-
tion estimator from G2SWeakly [19].

Type Models Loc. (m) ↓ Lateral (%)↑ Long. (%)↑ Ori. (◦) ↓ Ori. ↑

Mean Median R@1m R@5m R@1m R@5m Mean Median R@1◦ R@5◦

Same-Area

BEV

GGCVT - - 76.44 98.89 23.54 62.18 - - 99.10 100.0
DenseFlow 1.48 0.47 95.47 99.79 87.89 94.78 0.49 0.30 89.40 99.31
HC-Net 0.80 0.50 99.01 99.73 92.20 99.25 0.45 0.33 91.35 99.84
FG2 0.75 0.51 95.81 99.66 92.50 99.05 0.93 0.66 67.27 98.91
BevSplat* 2.87 2.06 60.28 94.24 35.62 76.57 0.33 0.28 99.99 100.0

Non-
BEV

CCVPE 1.22 0.62 97.35 99.71 77.13 97.16 0.67 0.54 77.39 99.95
Loc2 1.13 0.77 93.59 99.97 71.51 98.17 1.97 1.43 36.68 92.84
ARC-Loc* (ours) 0.79 0.50 97.72 99.63 87.01 98.60 0.21 0.18 99.87 100.0

Cross-Area

BEV

GGCVT - - 57.72 91.16 14.15 45.00 - - 98.98 100.0
DenseFlow 7.97 3.52 54.19 91.74 23.10 61.75 2.17 1.21 43.44 89.31
HC-Net 8.47 4.57 75.00 97.76 58.93 76.46 3.22 1.63 33.58 83.78
FG2 7.31 4.15 37.89 85.65 21.98 60.77 3.62 2.37 23.03 77.84
BevSplat* 6.20 2.51 60.01 95.17 27.41 60.45 0.33 0.28 99.99 100.0

Non-
BEV

CCVPE 9.16 3.33 44.06 90.23 23.08 64.31 1.55 0.84 57.72 96.19
Loc2 5.60 3.01 45.29 92.43 27.01 68.26 3.32 2.12 26.03 80.68
ARC-Loc* (ours) 7.45 4.32 38.45 87.13 20.26 59.85 0.20 0.18 99.93 100.0

Inference and memory efficiency. To evaluate practicality on resource-
constrained platforms, we compare inference latency and memory consumption
on VIGOR across inference configurations (Tab. 3). Here, matching-stage la-
tency includes BEV feature construction or depth inference when required. Since
ARC-Loc performs direct matching in the native 2D image domain without
BEV transformation or depth foundation modules, it achieves substantially lower
matching latency while maintaining a compact memory footprint compared to
depth-dependent methods such as Loc2 and BevSplat. These results show that
ARC-Loc improves efficiency by removing the overhead of BEV construction and
depth-based 3D lifting, while maintaining competitive localization accuracy.

Table 3: Inference latency and memory comparison with ViT-based models. Match-
ing Latency and Pose Est. Latency denote the feature matching and solver/RANSAC
stages, respectively. Original denotes each method’s official sequential RANSAC imple-
mentation, while Parallel (ours) denotes our GPU-parallel RANSAC implementation.

Method BEV Depth
Module RANSAC Matching ↓

Latency (ms)
Pose Est. ↓

Latency (ms)
Memory
(MB) ↓

FG2 ✓ ✗
✗ 187.61 2.03 885

Original 185.94 3630 910
Parallel (ours) 187.34 39.67 1281

BevSplat ✓ ✓ – 139.90 (end-to-end) 2577

Loc2 ✗ ✓
✗ 137.98 1.44 2131

Original 136.13 3984 2168
Parallel (ours) 137.52 28.32 2810

ARC-Loc ✗ ✗
✗ 58.69 1.70 906

Parallel (ours) 59.67 20.03 1134
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(a) (c)(b) (d)

Fig. 6: Visualization of feature matching and azimuthal rays. (a), (c) denote cross-view
feature matching, and (b), (d) denote azimuthal rays for corresponding matches.

4.3 Ablation study

We conduct ablation studies on (i) the feature extraction backbone and (ii) hy-
perparameter settings. All experiments are conducted using the VIGOR dataset
under the Same-Area.

Backbone. We evaluate ARC-Loc’s sensitivity to the feature extractor by re-
placing our default RADIOv3 [16] with DINOv2 [14], the standard backbone for
recent baselines like FG2, Loc2, and BevSplat. As shown in Tab. 4, RADIOv3
yields lower mean and median errors and faster matching-stage latency, consis-
tent with its stable performance across context module configurations (Sec. 3.3),
likely due to its distilled training and high-resolution fine-grained cues. ARC-Loc
still remains robust and computationally efficient with DINOv2, demonstrating
that our framework is not tied to a specific foundation backbone. This suggests
that the proposed azimuthal ray-based formulation remains effective with differ-
ent feature extractors, while the choice of backbone further affects localization
accuracy and efficiency.
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Table 4: Backbone ablation on
VIGOR Same-Area. Match Lat. de-
notes matching-stage latency (ms), and
Mem. denotes memory usage (MB),
both measured under the parallel
RANSAC setting.

Backbone Loc. (m) ↓ Match
Lat. ↓ Mem. ↓

Mean Median

RADIOv3 2.52 1.20 59.67 1134
DINOv2 2.90 1.40 94.53 1119

Table 5: Ablation study on hyperparame-
ters. The default is α = 0.5 and N = 512.

Setting Loc. (m) ↓

Mean Median

α = 0 2.76 1.23
α = 0.1 2.76 1.24
α = 1.0 3.98 2.50

Default (α = 0.5, N = 512) 2.52 1.20

N = 256 4.57 3.01
N = 1024 2.67 1.21

Loss functions and hyperparameters. We conduct an ablation study on
the ray-distance loss weight α and the number of selected matches N to opti-
mize performance under severe cross-view outliers (Tab. 5). While Lposition alone
yields a 2.76m mean error, the integration of Lray−dist with our default setting
(α = 0.5, N = 512) is observed to improve accuracy to 2.52 m. The weight α ap-
pears to balance the primary objective and geometric regularization; a minimal
weight (α = 0.1) provides negligible gains, while an excessive weight (α = 1.0)
may over-regularize the network, distracting it from the primary pose estimation
objective and degrading performance to 3.98 m.

Similarly, the match count N represents a trade-off between structural diver-
sity and outlier noise. A limited count (N = 256) appears to provide insufficient
context for effective learning (4.57 m), whereas an overly large count (N = 1024)
may introduce low-confidence matches that corrupt the training signal (2.67 m).
Consequently, N = 512 is suggested as the optimal empirical balance for achiev-
ing robust localization.

5 Conclusion

In this paper, we presented ARC-Loc, a novel cross-view localization framework
that bypasses the conventional dependencies on Bird’s-Eye-View transformations
and external depth foundation models. Inspired by the traditional human navi-
gation technique of resection, we reformulated ground-to-aerial correspondences
as 2D line-to-point constraints and introduced the Azimuthal Ray Convergence
(ARC) solver, a closed-form 2-point minimal solver that estimates the camera
location directly within the native 2D image domain. Additionally, we proposed
the ARC Loss to optimize the matching network by enforcing ray convergence
without requiring dense correspondence labels or depth priors.

Through evaluations on the VIGOR and KITTI datasets, we demonstrated
that ARC-Loc achieves competitive localization accuracy compared to state-of-
the-art methods. By operating entirely in 2D, we showed our approach benefits
from reduced inference latency and memory consumption compared to recent
frameworks relying on 3D lifting or BEV projections, highlighting its practical
viability for resource-constrained autonomous platforms.
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Limitations. While ARC-Loc offers an efficient alternative for cross-view lo-
calization, it presents two primary limitations. First, although the framework
remains robust within practical orientation noise bounds (e.g ., up to ±10◦), po-
sition accuracy gradually degrades under larger heading uncertainties. Second,
the stability of the ARC solver relies on the directional diversity of the azimuthal
rays. In scenarios with a restricted field-of-view, such as the front-facing cameras
in KITTI, matched keypoints often concentrate in a narrow region, lacking an-
gular diversity and leading to poorly constrained ray intersections (geometric de-
generacy). Addressing these remains an important direction for future research.
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