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Abstract. Accurate yaw estimation is a bottleneck in cross-view lo-
calization between ground view and Bird’s Eye View (BEV). Existing
methods couple yaw with translation and rely on height or projection
assumptions that degrade under large yaw ambiguity. We disentangle
yaw from location accuracy and introduce LAYS, a radially invariant
line-consensus voting method. By exploiting the radial invariance of our
formulation, we achieve sub-degree yaw precision via 3D voting over all
candidate poses, while eliminating the need for accurate location. Our
key observation is that a ground-image column matched to BEV pixels
induces the same yaw across all camera positions along the radial direc-
tion of the pixels. LAYS matches BEV pixels to ground columns using
feature similarity and accumulates the induced yaw votes into discrete
3D bins, where correct correspondences along the radial line concentrate
into a sharp peak for the correct yaw. Experiments on Mapillary, Ford,
KITTI, and VIGOR show significant gains under unknown yaw, particu-
larly for normal FoV with unknown yaw (+28∼45%p), and using LAYS
as a yaw prior improves downstream 3-DoF localization.

Keywords: cross-view localization · aerial view · 3D vision

1 Introduction

Accurate global localization is essential for autonomous navigation, robotics, and
AR/MR systems. In these applications, orientation errors are particularly harm-
ful: even small angular deviations can lead to severe navigation drift or visual
misalignment. Among the three rotation components, yaw is uniquely challeng-
ing. Unlike roll and pitch, which can be inferred from gravity-aligned cues, yaw
lacks a direct geometric reference in ground images. As a result, yaw becomes
a persistent bottleneck. Without accurate yaw, global orientation alignment de-
generates into an unstable joint optimization of translation and rotation.
⋆ This work was done while working at Amazon.
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Fig. 1: (a) Existing methods rely on pixel-to-pixel correspondences. Their BEV pro-
jections shift based on the assumed camera pose entangling location and yaw, and
require a distance estimate d(h) dependent on ground height h. (b) LAYS aggregates
ground pixels vertically into a column and aligns it to a BEV radial direction. This
height-free, column-to-line correspondence makes estimated yaw invariant for any can-
didate position along the radial line, successfully decoupling yaw from location.
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Fig. 2: Yaw Voting Mechanism. (a) A ground column defines a specific relative
yaw. (b) For any candidate pose, the vector toward its matched BEV pixel defines
an absolute angle. The resulting true yaw is calculated by subtracting the relative
yaw from this absolute angle. (c) A matched BEV pixel casts yaw votes for candidate
poses. Poses geometrically aligned on the correct radial direction consistently vote for
the exact same true yaw (orange arrows), while poses out of line compute divergent,
inconsistent yaws across different pixel matches (gray arrows).

Problem Setup. We consider the following scenario: given a ground-level image
and a Bird’s Eye View (BEV) image, the 2D camera location has noise (e.g.,
on the order of ±20m), while the yaw angle is unknown (up to ±180◦). Our
objective is to estimate yaw. Unlike full 3-DoF cross-view localization [26], which
jointly estimates 2D location and yaw, our method decouples yaw robustness
from location accuracy through Proposition 1’s radial invariance: enabling sub-
degree yaw precision without accurate camera position.

Although cross-view localization has advanced significantly, existing methods
primarily focus on estimating translation, while yaw is assumed to be approx-
imately known or perturbed only slightly (e.g., within ±10◦). Moreover, many
approaches tightly couple translation and rotation, relying on point-to-point cor-
respondences with height-dependent projections [11,21,29] (Fig. 1-a) that break
down on slopes or in urban clutter.

We argue that yaw estimation should instead be isolated as an independent
subproblem. If the camera position were perfectly known, a single-point cor-
respondence would determine the yaw. However, under position uncertainty, a
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stronger geometric primitive is required to determine the yaw. To this end, we
introduce LAYS(Line-Aligning Yaw Scoring), which formulates cross-view
yaw estimation as a line alignment problem rather than point-level matching.

LAYS achieves this by vertically aggregating ground image pixels into column
features. This inherently removes any dependence on ground height or camera
elevation, gracefully bypassing the ground height assumptions of prior work. By
matching one such ground column to a set of BEV pixels, we define a radial
line (Fig. 1-b). This column-to-line alignment is radially invariant : all candi-
date camera positions along this ray share the exact same absolute direction
to the BEV pixel. This yields a consistent yaw estimate regardless of location
uncertainty along that line (formalized in Proposition 1).

This geometric invariance motivates a robust voting strategy (Fig. 2): for each
candidate position, the match score between a BEV pixel and a ground column
votes for a yaw bin determined by their absolute-to-relative angle geometry.
True matches accumulate a strong consensus for the correct yaw, while incorrect
matches disperse. Unlike traditional voting paradigms that accumulate votes
directly for geometric elements, our approach votes for yaw, computed from
the geometric relationship between matched features, at all 2D positions. We
construct a 3D voting tensor (yaw, 2D position) over all candidate poses, where
Proposition 1 ensures correct matches concentrate at the true yaw along the
radial line, enabling yaw recovery without pinpointing position.

Decoupling of yaw estimation from 3-DoF localization has two implications.
Importantly, yaw robustness is decoupled from location accuracy: Propo-
sition 1 guarantees that location uncertainty is handled through radial voting
consensus, enabling sub-degree yaw precision without knowing position. Second,
precise yaw estimation serves as a reusable module that enhances downstream
3-DoF pipelines beyond what joint optimization alone achieves. Experiments on
Mapillary Geo-Localization [19], Ford Multi-AV [2], KITTI [7], and VIGOR [40]
confirm the effectiveness of LAYS, consistently outperforming state-of-the-art
baselines by large margins.

Contributions. This paper makes the following contributions:
– We formulate LAYS, achieving sub-degree yaw precision under ±20m lo-

cation uncertainty and ±180◦ yaw ambiguity, without flat ground or camera
height assumptions.

– We introduce a line alignment framework integrating column-wise feature
extraction, ground-BEV matching, and pairwise yaw voting, decoupling yaw
from location through geometric consensus.

– We demonstrate state-of-the-art improvements on four datasets, establish-
ing yaw as a tractable subproblem in global pose estimation that further
boosts downstream localization.

2 Related Works

Vision-based Global Positioning System In early days [3], methods localized the
image coarsely with scale [9,32]. Advanced localization uses feature databases [38]
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(e.g., Google Map’s Visual Positioning System [17]) or city-scale Structure from
Motion [1, 12] with SLAM [16]. These provide accurate localization but require
costly, large-scale feature databases. Alternatively, publicly available 2D maps
are utilized [19,33], with multi-modal learning to construct a semantic map [20].
2D maps provide rich semantics, such as roads and buildings, but they lack
detailed visual cues for localization.

Visual Camera Rotation Estimation Many rotation-focused pose estimation
methods are developed for applications such as Unmanned Aerial Vehicle oper-
ations [15], where orientation is critical. Rotation is often part of 6-DoF pose es-
timation, as location and rotation are typically inseparable in localization. Some
focus on frame-to-frame rotation using omnidirectional cameras [5] or handheld
cameras in crowded scenes [4]. For 2D rotation, geometry-aware methods pre-
dict the horizon line from a single image [37], and roll and pitch estimation using
camera parameters has been proposed [10]. Unlike yaw, local features can esti-
mate roll and pitch by using surrounding structural cues to align images with
the direction of gravity. In a cross-view setup, rotation estimation is primarily
in 2D by using gravity-aligned images.

Ground and Aerial Cross-View Localization Cross-view localization matches a
ground-level query to geo-referenced aerial data by bridging the viewpoint gap.
Early methods retrieved locations from sparse candidates [8, 13, 23, 26, 27, 39].
Orientation estimation was introduced by applying a polar transform to the
satellite image centered at a known position [25], and by matching non-aligned
images [40]. Evolved methods estimate precise positions [36] and yaw in BEV by
matching deep features [21], often assuming a perspective transform at a specific
ground height [6, 28–30]. Techniques include horizontally splitting images [11],
rolling descriptors [35], refining homography between BEV and projected ground
images [28, 31], and iterative pose refinement [29, 30]. OrienterNet [19] projects
ground features onto a 2D map and scores each 3-DoF pose via cross-correlation,
matching what is at a projected location; this relies on a projection model for
ground-to-BEV mapping. Recent method [34] maps the features of the ground
view to a 3D grid and uses Procrustes analysis to estimate the pose. A line
of works [21, 22, 24] estimate yaw from joint regression or 3-DoF optimization,
focusing on slight yaw noise in driving scenes. We propose a yaw estimate that
matches the direction a feature lies in rather than the projected location, without
requiring known position or ground height for ground-to-BEV mapping.

3 Method

3.1 Overview

LAYS framework is illustrated in Fig. 3. We follow standard cross-view local-
ization input. LAYS takes as input an undistorted ground-level image Igrd ∈
R3×Hg×Wg , nearly gravity-aligned along the y axis, and a BEV image Ibev ∈
R3×Hb×Wb , a top-down view that spatially covers the surrounding area. The
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Fig. 3: Overview of the LAYS framework. (a) U-Net encoders process ground and
BEV images. Ground pixel features are aggregated column-wise to produce column
features Fgrd. (b) Each BEV pixel is matched to the most similar ground column,
producing a match score Ms and relative yaw Mr. (c) For each pair of 2D pose and
BEV pixel, match scores are voted into yaw bins based on the geometric relationship
between absolute and relative angles. (as in Fig. 2-b) The output yaw is the yaw from
the highest scoring bin θ from S(θ, (x, y)).

camera intrinsics are given. Importantly, our formulation does not assume
ground-truth location; the 2D pose (x, y) remains unknown and is ex-
haustively tested over all candidate positions within the noise range. The goal
is to estimate yaw, formulated to output a 2D position-conditioned discrete yaw
score bins S(θ, (x, y)), a 3D array S ∈ R|Θ|×|X|×|Y|, where (x, y) represents the
discrete 2D position in BEV coordinates, and θ denotes the yaw. The yaw from
the highest scoring 3D bin is the estimated yaw.

Our relative yaw-based formulation is visualized in Fig. 2. Each ground col-
umn defines a relative yaw from the camera’s front (Fig. 2-a). For any candidate
2D pose, the yaw is estimated by subtracting the column’s relative yaw from the
absolute angle to the matched BEV pixel (Fig. 2-b). A single match provides
only a point-wise vote; radial lines emerge from consensus. Distinctive struc-
tures (roads, trees, building edges) span multiple co-radial BEV pixels sharing
the same matched column, and accumulate votes for the same yaw along the
radial line regardless of the camera’s position along that direction (Fig. 2-c).

Proposition 1 (Position-Invariant Yaw from Line Correspondence).
Let a BEV pixel (u, v) match to the ground column k with relative yaw Y(k). For
any two candidate camera pose (x1, y1) and (x2, y2) that are collinear with (u, v),
the estimated yaw θest = arctan

(︁
v−y
u−x

)︁
−Y(k) is identical. (Proof in appendix.)

This is fundamental to our approach: it decouples yaw estimation from
camera location. Without knowing the true 2D position, we vote over all
candidate poses; within line, Proposition 1 ensures that correct matches vote the
same yaw regardless of candidate position (as long as it lies on the corresponding
radial line). This enables precise yaw estimation despite location uncertainty.
The ground height assumption is removed by the column-wise formulation itself
(Sec. 3.2): relative yaw depends only on horizontal image position, not on object
distance or ground elevation.

Based on these properties, three key components enable precise yaw estima-
tion: Column Feature Extraction (Sec. 3.2) extracts column-wise features
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from the ground image that correspond to unique relative yaw. Ground-BEV
Matching (Sec. 3.3) computes feature similarity between ground column and
BEV pixel and selects a representative matching ground column for each BEV
pixel. Pair-wise Yaw Voting (Sec. 3.4) votes match scores for the estimated
yaw for each pair of BEV pixel match and 2D candidate pose to find the most
probable yaw. More details are in the appendix.

3.2 Column Feature Extraction

We extract features from the BEV and ground images for cross-view matching.
The ground pixel features are aggregated column-wise, capturing features with
unique relative yaw. This relative yaw is later used to estimate yaw from a pair
of BEV pixels and 2D pose. Relative yaw is not impacted by ground height or
distance, relaxing the ground height assumption.

Pixel Feature Extraction We employ two U-Net [18] with a VGG-16 [14] encoder
to extract C-dimensional features for two images following prior works [24, 29].
The BEV feature map is denoted as Fbev ∈ RC×Hb×Wb . The ground feature
map is extracted at the pixel level Fpix ∈ RC×Hg×Wg . We add a 4th channel to
the ground image before encoding, the heading embedding [30], representing the
relative yaw of each pixel.

Column-wise Aggregation We aggregate features column-wise to obtain a relative
yaw-aligned feature. For each column k, we weigh and sum the pixel features to
extract important features. A fully connected layer N and a softmax compute
the pixel feature weights. Given the feature of pixel (k, j) as Fpix(k, j):

Fgrd(k) =

Hg∑︂
j=1

exp
(︁
N(Fpix(k, j))

)︁∑︁Hg

j′=1 exp
(︁
N(Fpix(k, j′))

)︁ Fpix(k, j) (1)

This results in a column-wise feature Fgrd ∈ RC×Wg .

Feature Confidence Estimation We compute confidence scores for both BEV
and ground features to focus on distinct and matchable features. MLP attached
to U-Net computes confidence from Fbev and Fpix, producing Cbev ∈ RHb×Wb

and Cpix ∈ RHg×Wg . For each column, the highest pixel confidence is selected
as Cgrd ∈ RWg . These confidence scores are used in the matching process to
improve robustness by assigning greater weight to more confident features.

3.3 Ground-BEV Matching

We compute cosine similarity scores for each pair of a ground column and a BEV
pixel. One representative ground column is selected per BEV pixel to ensure an
effective match. This process does not use projection. Instead, we retain a relative
yaw from the ground column, assigning a match score to each BEV pixel. This
is used to vote yaw in Sec. 3.4 for each BEV-pixel match and 2D pose.



LAYS: Line-Aligning Yaw Scoring 7

Match Score Computation Match score is absolute cosine similarity between the
BEV feature at pixel (u, v) and each ground column feature. Given BEV feature
Fbev(u, v) and k-th ground column feature Fgrd(k), the pairwise match score is:

P((u, v), k) = |Fbev(u, v) · Fgrd(k)| ·Cgrd(k) (2)

where | · | denotes the absolute value of the dot product, which yields a scalar
since features are C-dimensional unit vectors after channel-wise normalization.
Outer · denotes the scalar multiplication.

Probabilistic Feature Selection Column selection differs between training and
inference. During training, we use probabilistic selection for the model to learn
from diverse column-pixel correspondences, preventing dominant features from
overshadowing valid ground-truth matches. In inference, we switch to determin-
istic (hard) selection to pick the single best match for efficiency.

For each BEV pixel (u, v), we compute a selection distribution over all
columns based on their match scores, then sample according to the phase:

Selection weights: wk =
P((u, v), k)∑︁Wg

k′=1 P((u, v), k′)
(3)

where the match scores P((u, v), k) are normalized into a probability distribution
across the Wg columns. The chosen column index c(u, v) is then:

c(u, v) =

sample from {1, . . . ,Wg} with probabilities wk, if Training,
argmax

k
P((u, v), k), if Inference (4)

Training-time randomization mitigates overfitting to dominant features and pre-
vents failure cases in which no feature votes for the ground-truth yaw. Without
the absolute value, the model collapses to predicting a negative match score for
anti-correlated features in non-matching pairs, which is an easier target. Taking
the absolute value closes this shortcut while preserving matching quality, at the
cost of discarding feature sign. The final BEV pixel match score is computed as:

Ms(u, v) = Cbev(u, v) ·P((u, v), c(u, v)) (5)

where Cbev(u, v) and P((u, v), c(u, v)) are scalar confidence and match scores
for the pixel (positive by construction), · is a scalar multiplication. No absolute
value is required here, since both operands are already nonnegative.

Relative Yaw Mapping Each ground column k corresponds to a unique relative
yaw Y(k), computed from the 3D ray direction in the camera’s coordinate frame.
The selected column’s relative yaw is assign it to the relative yaw map Mr:

Mr(u, v) = Y(c(u, v)). (6)

Each BEV pixel (u, v) has an associated match score Ms(u, v) and a relative
yaw Mr(u, v). These values are utilized in the Yaw Voting to estimate yaw.
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3.4 Pair-wise Yaw Voting

Yaw estimation is ambiguous without a known 2D pose (x, y). To resolve this
ambiguity, we construct a 3D score bin S(θ, (x, y)) over the full pose search
space. We iterate over all candidate 2D poses. For each candidate (x, y), we
compute the conditional yaw that aligns each matched BEV pixel (u, v) with
the radial line of the ground column, and cast its match score Ms(u, v) into
the corresponding yaw bin S(θest, (x, y)). This process isolates yaw through a
relative yaw-based formulation (Fig. 2-(b)), where correct BEV pixel matches
sharing the same ground column agree on the same yaw for all (x, y) candidates
along that radial direction (Fig. 2-(c)). This radial consensus removes the need
for height-assuming projection and enables sub-degree yaw estimation under
location ambiguity.

Yaw Estimation The absolute angle θabs in BEV coordinate for each candidate
pose (x, y) relative to a matched BEV pixel (u, v) is computed by:

θabs((x, y), (u, v)) = arctan

(︃
v − y

u− x

)︃
(7)

The estimated yaw is then computed by subtracting the matched ground-view
relative yaw Mr(u, v) from the absolute angle, as visualized in Fig. 2:

θest((x, y), (u, v)) = θabs((x, y), (u, v))−Mr(u, v) (8)

Crucially, when the 2D position (x, y) lies on a radial line from pixel (u, v), the
absolute angle θabs remains constant: all positions on the same radial line from
the camera toward (u, v) share the same angular direction, so arctan

(︂
v−y
u−x

)︂
is

invariant. Therefore, θest = θabs − Y (k) is also constant along the entire line.
This radial invariance is the key property that enables robust yaw estimation
under location uncertainty (Proposition 1): correct matches vote for the same
yaw regardless of where the camera actually sits on that radial direction.

Yaw Voting To handle location uncertainty, we construct a 3D score tensor that
votes over all candidate 2D positions and all yaw angles: S ∈ R|Θ|×|X|×|Y|, where
each bin (θ, (x, y)) accumulates votes. The radial invariance from Proposition 1
directly enables this 3D approach. When a BEV-to-column match is evaluated
at candidate position (x1, y1), it votes for yaw θ1; the same match evaluated at
nearby position (x2, y2) on the same radial line votes for the identical yaw θ1.
Thus, correct matches accumulate votes across multiple position bins along the
radial line. From multiple BEV matching consensus along a radial line, the true
yaw forms a strong peak in the 3D tensor, while incorrect yaws receive scattered
votes across disconnected position-angle combinations.

For each candidate pose (x, y), we compute the yaw that each BEV pixel vote
contributes to (Equation 7) and accumulate match score into the corresponding
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bin. The match score Ms(u, v) is accumulated to the corresponding yaw bin of
θ for each candidate pose (x, y), if (u, v) is within distance R from (x, y):

SM(θ, (x, y)) =
∑︂
u,v

Ms(u, v) · I
(︂
θ = [θest((x, y), (u, v))] ∧ d((x, y), (u, v)) ≤ R

)︂
,

(9)
where I is an indicator function ensuring voting only for matching yaw bins,
d((x, y), (u, v)) =

√︁
(x− u)2 + (y − v)2. We set R to the largest radius such that

a circle of radius R centered at any candidate pose fits entirely within the BEV
image; this prevents boundary poses from receiving fewer votes. (details in the
appendix) Although the discrete bin assignment is non-differentiable, the match
scores Ms accumulated in each bin are fully differentiable, allowing gradients to
flow back to the feature extractors and confidence estimators.

Pose Plausibility Different poses have different likelihoods due to the presence
of roads and structures. We add a pose plausibility score SP(θ, (x, y)) derived
from BEV features using an MLP that provides a hint for estimation, inspired
by prior work [24]

S(θ, (x, y)) = SP(θ, (x, y)) + SM(θ, (x, y)) (10)

Multi Level Score We use a 3-level estimate, with different resolutions [24]. One
lower level has half the resolution, with a halved number of angular bins. Each
level uses a per-pixel 2D pose, and the highest level uses a 1-degree angle bin.
Lower-resolution scores are interpolated and added to higher-resolution scores.
The highest-resolution is used for the final estimate.

Loss Function Applying softmax over the final score tensor S for each resolution,
we maximize the log probability of the ground-truth pose bin. For ground-truth
pose (xgt, ygt, θgt):

L = − log
exp

(︁
S(xgt, ygt, θgt)

)︁∑︁
x∈X

∑︁
y∈Y

∑︁
θ∈Θ exp

(︁
S(x, y, θ)

)︁ (11)

4 Experiments

4.1 Experiment Setup and Metrics

To evaluate the method under representative real-world conditions in which GPS
and sensor data can be noisy, we perturb the ground-truth poses in both position
and orientation, following the protocols of prior work [24,35]. Yet, under location
uncertainty, we focus on assessing the angular accuracy for yaw.

The angular accuracy metric, commonly used for prior works [24, 30, 35], is
the ratio of the correct yaw estimate, where the estimation is correct if the yaw
angle error is less than θ degrees relative to the ground truth. Consistent with
previous studies [29,30], we use thresholds of θ = 1◦, 2◦, and 4◦.
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Fig. 4: Visualization of LAYS in the MGL dataset. PCA visualizes feature space. (a) is
the ground view. (b) are the ground pixel, column features, and confidence: Fpix, Fgrd,
and Cgrd, with a colormap for confidence. (c) is the BEV image with the estimation
result. (d) are the BEV and the projected ground feature for the estimate pose (for
visualization, not used by our method). (e) are match scores Ms within an R distance
of the estimated pose and ones that vote for the estimated yaw, with a color map for
the voted score scale. Confident votes are concentrated on a line. More examples
from all datasets are in the appendix.

4.2 Baselines

We compare LAYS against four state-of-the-art baselines with official code:
CCVPE [35], BoostAcc [24], G2S [22], and FG2 [34]. CCVPE utilizes rolling de-
scriptors with orientation-map-based pose estimation. BoostAcc and G2S utilize
an optimizer and Spatial Transformer Networks to estimate 3-DoF poses, tak-
ing only yaw to compute correlations for 2-DoF poses. G2S uses self-supervised
learning with only BEV for yaw estimation. FG2 estimates a 3-DoF pose jointly
by weighted matching of the 3D grid-mapped ground view and the BEV, using
Procrustes analysis.

All baselines and our method use identical training data, splits, and evalua-
tion protocol. The baselines originally report only a small yaw error (e.g., ±10◦),
except for VIGOR, where an omnidirectional camera enables estimation of the
unknown yaw. Official codes are used to retrain the baselines for unknown yaw
setups, with dataloaders adapted accordingly. Some baselines already have the
KITTI dataloader; we only changed the rotation error range. For the VIGOR
dataset, we use their public weights for evaluation, unless noted as retrained due
to unavailability. Despite using official implementation, most methods struggled
with a common limited-FoV camera with unknown yaw. We clarify details in
the appendix on how each method-dataset pair is adapted.

4.3 Dataset

MGL (Mapillary Geo-Localization) Dataset [19]1 is a crowd-sourced dataset
with ground images from vehicles, handheld cameras, and bicycles. Many views
are not front-aligned with the road direction, introducing a common challenge for
1 All images are publicly available under a CC-BY-SA license via the Mapillary

API [19].
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AR/MR applications where orientation alignment is crucial. SfM-refined poses
are provided with gravity-aligned images. We augment the Amsterdam split
with Google Maps, which provides ground view at a constant resolution consis-
tent with cross-view localization datasets (27,159 train / 9,103 test, 512×512).
Further details in the appendix.

KITTI Dataset [7] is a widely used cross-view localization benchmark with
one training set and two test sets (same-area and cross-area). Following prior
work [24], images are resized to match the Ford dataset. Up to ±20m location
noise and ±180◦ yaw noise are injected.

Ford Multi-AV Dataset [2] evaluates driving scenes with satellite imagery
from Google Map [24]. We use log 1 (highway), where small angular errors are
critical. We follow prior works [24], using their splits, ground images are resized
to 256×1024, and satellite images are cropped to 512×512. Consistent with prior
work [29], up to ±20m location noise and ±45◦ yaw noise is injected.

VIGOR Dataset [40] contains ground panorama images of four cities. We
follow standard fine-grained protocols [11, 35] using positive samples and loca-
tional noise (center half width and height of BEV). Two splits are used: same-area
(all cities for train/test) and cross-area (two cities each). We use the unknown
orientation setup with ±180◦ yaw uncertainty.

4.4 Results

Table 1 is the evaluation result for the MGL dataset, where urban variabil-
ity introduces height ambiguity that projection-based methods cannot handle.
LAYS achieves 72.10% sub-degree accuracy under ±45◦ noise, doubling G2S
(32.67%). Unknown yaw is particularly challenging, as methods are typically
evaluated with slight angular noise unless given a 360◦ panoramic image (e.g.,
VIGOR). Existing methods largely fail, while our method achieves 34.81% sub-
degree accuracy versus 6.55% for CCVPE.

Table 2 shows results on the KITTI dataset with ±180◦ yaw noise. Most
methods perform well under small noise (±10◦) but break down when the yaw
is unknown. Our method achieves 51.02% and 48.46% sub-degree accuracy on
same- and cross-area splits, while CCVPE achieves 8.96% and 3.14%. Perfor-
mance remains consistent across areas, indicating robustness to unseen regions.
Finer-grained 1–5◦ threshold accuracies for MGL and KITTI are reported in the
supplementary material.

Table 6 is the Ford Multi-AV highway dataset result. LAYS achieves
67.05% sub-degree accuracy, improving 25.69% over the next best method. Fol-
lowing prior work, it is trained and tested without accounting for pitch and roll,
yet stays robust to sensory noise.

Table 3 shows results on the VIGOR dataset with omnidirectional ground
images. The panoramic view provides more information, so prior methods re-
main competitive. At the < 4◦ threshold in the same area, FG2’s two-stage
variant slightly outperforms ours, as our voting concentrates scores in narrow
angular peaks optimized for sub-degree precision. At the stricter < 1◦ and < 2◦

thresholds, LAYS leads by 13.38% and 12.10%, and at all cross-area thresholds.
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Table 1: Comparison of cross-view yaw estimation accuracy on MGL Dataset with
±20m location noise under ±45◦ and ±180◦ yaw noise.

Method ±45◦ ±180◦

< 1◦ < 2◦ < 4◦ < 1◦ < 2◦ < 4◦

CCVPE [35] 21.36 40.78 68.15 6.55 12.55 23.79
BoostAcc [24] 7.40 14.19 27.54 0.58 1.09 2.13
G2S [22] 32.67 57.49 82.50 0.59 1.27 1.86
FG2 [34] 18.59 34.97 59.20 3.13 6.28 12.44
Ours 72.10 90.16 95.63 34.81 52.42 61.74

Table 2: Comparison of cross-view yaw estimation accuracy on KITTI dataset with
±20m location noise and unknown yaw. *: CCVPE reports accuracy at < 1◦, < 3◦,
and < 5◦ thresholds [35]; ≤ entries denote that the published value is from a looser
threshold (< 3◦ for < 2◦, < 5◦ for < 4◦), so true accuracy is equal or lower.

Method Test 1 (Same Area) Test 2 (Cross Area)
< 1◦ < 2◦ < 4◦ < 1◦ < 2◦ < 4◦

CCVPE* [35] 8.96 ≤26.48 ≤42.75 3.14 ≤9.24 ≤14.56
BoostAcc [24] 0.53 0.90 1.96 0.56 1.05 2.09
G2S [22] 0.58 1.17 2.17 0.54 0.82 1.64
FG2 [34] 1.62 3.15 6.47 1.62 2.96 6.13
Ours 52.98 65.07 67.72 49.59 58.92 60.25

Table 3: Comparison of cross-view yaw estimation accuracy on VIGOR Dataset (om-
nidirectional camera), ±0.25 BEV width and height location noise, and unknown yaw.
*: BoostAcc did not evaluate on VIGOR. **: G2S evaluated only the translation esti-
mator on VIGOR. †: FG2 provides VIGOR result with a two-stage approach.

Method Same Area Cross Area
< 1◦ < 2◦ < 4◦ < 1◦ < 2◦ < 4◦

CCVPE [35] 8.31 16.69 32.40 8.96 17.66 34.34
BoostAcc [24]* 0.50 1.10 2.16 0.64 1.20 2.30
G2S [22]** 2.33 4.60 8.92 3.98 7.72 14.45
FG2 [34] 19.05 35.94 58.91 9.88 19.37 35.57
FG2 [34]† 20.78 38.17 62.11 12.39 23.48 41.40
Ours 34.16 50.27 59.32 23.67 37.09 47.15

4.5 Analysis

Matching Process and Location Fig. 4 and appendix examples across all
datasets illustrate the matching process. High-scoring matches arise along short
co-linear pixels and vote the same yaw for all locations along the radial line (as
in Fig. 2-c). The voting is agnostic to the physical nature of matched struc-
tures; appendix visualizations confirm correspondences among road segments,
tree branches, and building facades across diverse scenes. Overall, our formu-
lation distributes scores along a radial line rather than concentrating them at
a single pixel. This is by design: the method learns the most confident line
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Fig. 5: Matching visualization for one VIGOR cross-area sample. Ground view (top):
the four columns that contribute most to the predicted yaw, with bar length propor-
tional to the per-pixel saliency |∇ · I| of the matching score w.r.t. the input pixels.
BEV (left): thin colored lines mark each column’s view direction from the predicted
pose; circles on every pixel show the score each column votes into the predicted yaw
bin, with circle area proportional to match score. Yellow and red markers denote the
predicted and the GT pose. Match score curve (right): SM over the full 360◦ yaw range
is plotted.

correspondences for yaw. Our method can instead support 3-DoF localization
methods as shown in Sec. 4.5, reducing their search space to 2-DoF.

Fig. 5 traces a single VIGOR cross-area prediction through the matching
pipeline. Different columns focus on different cues: two lock onto road segments
and produce the largest match scores, one onto a tree, and one onto a grass
patch in front of a building. The matching-only SM curve peaks at the correct
yaw, with a smaller peak near the opposite (180◦) direction.

Ablation Study Table 7 ablates key components. In Point-to-Point Match,
we replace radially invariant scoring with projection-based 3-DoF scoring that
maps ground pixels to BEV for each pose candidate; yielding decent results yet
significantly behind radially invariant scoring. In Polar-Transform, we adapt
OrienterNet [19]’s polar-transform-based projective 3-DoF pose scoring to satel-
lite view input, and their flexible mapping overfits compared to the naive 3-DoF
scoring, demonstrating our formulation’s advantage over existing 3-DoF scoring
approaches. We analyze Column Feature Extraction (Sec. 3.2). In Keypoint-
based, we use a keypoint feature extractor [30], which leads to poor performance
because keypoints often miss important features. Column MLP uses MLP to
aggregate pixel features per column. The weighted-sum formulation yields better
accuracy. Finally, we show the effectiveness of the hybrid BEV-ground matching.
In Greedy Selection, we match each BEV pixel to the ground feature with the
highest correlation score during training, where dominant features overshadow
others and limit information diversity. Test-time Weighted uses probabilistic
matching during the test-time. While yielding decent results, the highest-scoring
match proved more effective during inference.
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Table 4: FG2 localization error (m)
on cross-area VIGOR with different
first-stage yaw initializers.

First-stage yaw Mean↓
FG2 10.02
+ Two-stage 5.95
+ Ours init. 5.43
+ Ours init. (2-DoF) 5.10
+ GT Yaw (oracle) 2.41

Table 5: FG2 localization error (m) on MGL
and KITTI with different first-stage yaw initial-
izers.

First-stage yaw Mean↓ Median↓
MGL (±45◦)
FG2 10.53 8.90
+ Two-stage 10.54 8.95
+ Ours init. 6.42 3.99
KITTI (±180◦)
FG2 14.32 14.40
+ Two-stage 14.44 12.26
+ Ours init. 2.52 1.48

Accurate Yaw’s Impact on Localization Method We show that isolating
yaw from the full 3-DoF problem is effective even when the localization method
does not break down. Tables 4 and 5 report the localization error of FG2 [34]
when its first-stage yaw is replaced by different estimators. + Two-stage ini-
tializes FG2’s second-stage localizer with FG2’s own first-stage yaw; + Ours
init. substitutes LAYS’s yaw, and the VIGOR (2-DoF) variant additionally
fixes our yaw and solves only 2D location via Procrustes analysis. On VIGOR
(Table 4), where FG2’s yaw is already functional, our 2-DoF variant still im-
proves localization by 14% over FG2’s two-stage (5.95 → 5.10), approaching the
ground-truth-yaw oracle (2.41). The benefit grows as the base yaw becomes un-
reliable (Table 5): even under mild noise on MGL the substitution more than
halves the median error (8.95m → 3.99m), and under unknown yaw on KITTI,
where the two-stage FG2 stays near random, our yaw makes precise localization
possible (12.26m → 1.48m median). Isolating yaw is therefore most critical in
the hardest cases.

Robustness Against Pitch and Roll Noise Our column-wise formulation
is inherently insensitive to pitch errors, as features are aggregated per column
rather than per pixel row. Roll is handled at the feature-encoding level, since the
roll-tilted horizon is clear in the input image. Table 8 confirms our method stays
robust under ±10◦ pitch and roll noise on MGL, with minimal degradation.

Computational Cost LAYS runs at 0.16 s per query for VIGOR [40] Dataset
with most columns on an NVIDIA RTX A6000, competitive with FG2 [34]’s
0.26 s. The yaw-voting stage dominates but stays comparable to feature extrac-
tion (appendix has a breakdown), with room for kernel-level optimization.

Failure Cases and Limitations Our method has two main limitations. First,
it cannot provide precise standalone localization, as the voting formulation dis-
tributes scores along radial lines rather than at a single location; we address
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Table 6: Comparison of cross-view yaw
estimation accuracy on Ford Dataset
Log1 (Highway) with ±20m location noise
and ±45◦ yaw noise.

Method <1◦ <2◦ <4◦

CCVPE [35] 41.36 62.74 75.11
BoostAcc [24] 24.38 43.24 67.86
G2S [22] 16.81 47.71 68.43
FG2 [34] 16.75 41.84 57.13
Ours 67.05 85.14 91.76

Table 7: Impact of components in
LAYS for yaw estimation with 180◦ yaw
ambiguity in MGL dataset.

Alternative Method <1◦ <2◦ <4◦

Point-to-Point Match 13.19 23.67 38.88
Polar-Transform [19] 7.59 14.53 23.74
Keypoint-based 20.12 28.75 33.10
Column MLP 31.73 48.23 58.13
Greedy Selection 28.69 41.70 47.62
Test-time Weighted 30.77 44.72 51.33
Ours 34.81 52.42 61.74

Table 8: Impact of pitch and roll noise on cross-view yaw estimation accuracy on
MGL Dataset with 20m location noise and unknown yaw.

Pitch, Roll Noise <1◦ <2◦ <4◦

±0◦, ±0◦ 34.81 52.42 61.74
±10◦, ±0◦ 34.36 50.26 58.61
±10◦, ±10◦ 33.15 48.98 58.60

this by using LAYS as a yaw prior for downstream 3-DoF methods (Sec. 4.5).
Second, performance degrades in scenes with highly uniform texture (e.g., open
fields), rare in practice. The appendix provides a detailed failure analysis.

5 Conclusion

We introduced LAYS, a sub-degree yaw estimator based on geometric line-
alignment consensus between the ground view and the BEV. Our key insight is
that a single radial correspondence is sufficient to determine yaw, even when the
camera position is unknown: pairwise voting across all candidate positions makes
the formulation radially invariant, eliminating the ground-height or known-location
assumptions that prior methods require. Experiments on Mapillary, Ford, KITTI,
and VIGOR show consistent state-of-the-art gains across diverse scenarios, from
urban imagery to highway driving. By isolating yaw from location, LAYS shrinks
the localization search space and improves downstream 3-DoF accuracy, open-
ing directions for integrating yaw priors into broader localization pipelines for
navigation and AR/MR applications.
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