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Abstract

LiDAR-based place recognition is critical for long-term autonomous navigation in Global
Navigation Satellite System (GNSS)-denied environments, yet existing methods struggle to
balance accuracy and efficiency under substantial yaw rotations. This paper proposes a
robust framework based on a multi-channel polar bird’s-eye-view (BEV) representation.
Under yaw-dominated revisits, the polar BEV image transforms yaw rotation into cyclic
column shifts, providing a useful structural prior for rotation-equivariant feature extraction.
Raw point clouds are projected onto polar BEV grids encoding density, height, and intensity.
A rotation-equivariant feature extractor comprising a Radial Compression Module and
a rotation-equivariant Transformer module captures long-range azimuthal dependencies
via Conditional Positional Encoding and Circular Relative-Position Bias. The equivariant
features are aggregated by NetVLAD into a compact global descriptor, trained end-to-end
with a hard-example mining triplet loss. Extensive experiments on the public KITTI and
NCLT datasets, as well as our self-constructed LiDAR Place Recognition Revisit (LPRR)
dataset, demonstrate competitive performance on KITTI and superior performance on
NCLT and LPRR among the compared methods. The proposed framework achieves a
favorable trade-off between performance and computational cost, and shows promising
cross-dataset generalization on the evaluated NCLT and LPRR datasets without fine-tuning.

Keywords: LiDAR place recognition; rotation invariance; bird’s eye view; deep learning;
autonomous driving; simultaneous localization and mapping

1. Introduction

Place recognition refers to the capability of determining whether the currently ob-
served environmental information corresponds to a location previously visited by the
system. As a key technology in the autonomous navigation module of self-driving vehi-
cles, place recognition provides reliable loop-closure cues for unmanned ground vehicles
(UGVs), thereby effectively suppressing localization drift and enabling long-term stable
operation in Global Navigation Satellite System (GNSS)-denied environments (e.g., forests,
mountainous areas, underground tunnels) [1]. It thus constitutes the foundation for achiev-
ing global localization. However, among the various challenges in real-world deployment,
robustness to large yaw rotations—such as those encountered at intersections and dur-
ing reverse traversals—remains particularly critical yet under-addressed, as it directly
determines whether a loop closure can be established under substantial viewpoint changes.
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Depending on the type of environmental perception sensor employed, place recogni-
tion is primarily divided into two categories: Visual Place Recognition (VPR) and LiDAR
Place Recognition (LPR). The former relies on images acquired by cameras and is suscep-
tible to factors such as illumination variations, weather conditions, and lack of texture.
The latter, in contrast, is based on 3D point cloud data and offers inherent advantages includ-
ing robustness to lighting changes, well-defined geometric structures, and reliable depth
information, making it particularly suitable for place recognition in outdoor scenarios.

During vehicle operation, situations involving rotation—such as intersections and
reverse revisits—are frequently encountered, as illustrated in Figure 1 for a particular
intersection in Sequence 08 of the KITTI [2] dataset. Addressing the key challenge of
rotation robustness, several researchers have conducted a series of studies, either through
data augmentation or by designing rotation-invariant network architectures. Nevertheless,
existing methods still face challenges in balancing accuracy and computational efficiency,
suffer from discriminative degradation under extreme viewpoints, and exhibit limited gen-
eralization capability, which collectively hinder their deployment on resource-constrained
autonomous driving platforms.

Figure 1. Multi-view revisits at an intersection in KITTI Sequence 08. Left: trajectory overlaid on a

satellite map, where blue denotes trajectory segments without revisits, red denotes revisited trajectory
segments, and the yellow rectangle marks the intersection. Middle top: zoomed-in aerial view
corresponding to the yellow rectangle, with red circles 1-4 marking observation positions. Middle
bottom: LiDAR BEV representation at Frame 1505, with the vehicle at the center of the intersection.
Right: onboard camera images at Frames 687, 749, 1478, and 1510.

To address these limitations, this paper proposes a lightweight LiDAR place recogni-
tion framework that improves robustness to large yaw rotations. In the proposed method,
the LiDAR point cloud is projected onto the horizontal plane and rasterized onto a polar
grid. A three-channel polar BEV image is then constructed by encoding the point density,
maximum height, and mean reflection intensity within each grid cell. To extract rotation-
equivariant features from this representation, we design a rotation-equivariant feature
encoder (REFE) comprising two key components: a Radial Compression Module (RCM)
that aggregates radial information via axial-separable convolution with circular padding,
and a rotation-equivariant Transformer module (RETM) that captures long-range azimuthal
dependencies using Conditional Positional Encoding (CPE) and Circular Relative-Position
Bias (CRPB). Subsequently, the resulting equivariant feature sequence is aggregated by
NetVLAD into a global descriptor. The overall workflow of the proposed framework is il-
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lustrated in Figure 2, covering polar BEV generation, rotation-equivariant feature extraction,
global descriptor aggregation, and descriptor-based place matching.
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Figure 2. Pipeline overview of our proposed approach. The proposed place recognition frame-
work comprises three consecutive stages: (first) Pre-processing, where raw point clouds are clipped
and gridded to generate three-channel polar BEV images encoding intensity, height, and density
information; (second) Place Modeling, which first employs a Radial Compression Module (RCM)
to derive compact azimuthal feature sequences. Subsequently, a rotation-equivariant Transformer
module (RETM) equipped with Conditional Positional Encoding (CPE) processes these sequences
to dynamically inject rotation-equivariant positional information and model long-range contextual
dependencies. The encoded features are then aggregated into a global representation via NetVLAD,
projected to a low-dimensional vector by a fully connected (FC) layer, and L2-normalized to yield
the final global descriptor; and (third) Place Matching, where the query global descriptor is re-
trieved against a pre-built descriptor map through approximate nearest neighbor search to obtain the
loop candidates.

It should be noted that the novelty of the proposed method does not lie in using a polar
grid, Transformer encoder, or NetVLAD aggregation in isolation, since these ideas have
been explored in previous place recognition studies. Instead, the main novelty lies in cou-
pling a multi-channel polar BEV representation with a rotation-equivariant feature encoder
specifically designed for the cyclic-shift structure induced by yaw rotations. Compared
with hand-crafted polar descriptors, such as Scan Context [3], our method learns compact
descriptors end-to-end from density, height, and intensity cues. Compared with range-
image-based methods, such as OverlapTransformer [4], the proposed framework preserves
top-down BEV structural information while enforcing circular azimuthal equivariance
throughout the feature extraction process.

The main contributions of this paper are summarized as follows:

1.  We propose a LIDAR place recognition framework based on a multi-channel polar
BEV representation. By leveraging the polar BEV image, the vehicle’s yaw rotation
is transformed into a cyclic shift in image columns, thereby converting the rotation
invariance problem into a translation invariance problem and laying the foundation
for the subsequent design of a rotation-equivariant feature extractor.
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2. We design a feature encoder comprising an RCM and an RETM. The RCM employs
axial-separable convolutions to aggregate radial information while progressively
compressing the radial dimension; the RETM leverages CPE and CRPB to capture long-
range azimuthal dependencies, establishing global contextual associations without
compromising rotation equivariance.

3. We conduct extensive evaluations on the public KITTI and NCLT [5] datasets, as well
as our self-constructed LiDAR Place Recognition Revisit (LPRR) dataset. The results
demonstrate that the proposed method achieves competitive performance on KITTI
and superior performance on NCLT and LPRR among the compared methods in terms
of Recall@K and low computational overhead, and shows promising cross-dataset
generalization on the evaluated NCLT and LPRR datasets without fine-tuning.

The remainder of this paper is organized as follows. Section 2 reviews existing
LiDAR place recognition methods based on BEV images, range images, point clouds,
and multi-modal representations. Section 3 presents the proposed methodology, includ-
ing the construction of three-channel polar BEV images, the rotation-equivariant feature
encoder, the global descriptor generator, and the training objective. Section 4 reports the
experimental setup, quantitative comparisons, ablation studies, and runtime analysis on
the KITTI, NCLT, and LPRR datasets. Section 5 concludes the paper and discusses the
main findings.

2. Related Work

Depending on the data representation, existing LPR methods can be broadly divided
into two categories: approaches based on 3D points [6-8] and approaches based on projec-
tion images. In this section, we briefly review recent advances in projection-image-based
LPR, with a particular focus on algorithmic designs targeting rotation invariance. For a
more comprehensive understanding of LPR, readers are referred to [1,9].

2.1. BEV Image-Based Methods

BEV images are obtained by orthographically projecting the point cloud onto the hori-
zontal plane, discarding vertical height information while preserving the rigid geometric
structures in the horizontal plane. This representation provides a holistic top-down view of
the environment, facilitating the capture of static structures such as buildings and roads and
their relative positional relationships, thereby enhancing the stability and repeatability of
place recognition. BVMatch [10] uniformly discretizes the ground region, projects the point
cloud onto the horizontal plane, counts the number of points within each grid cell, and nor-
malizes the counts to produce a single-channel point cloud density image. A Log-Gabor
filter is then applied to construct a maximum index map that encodes structural orien-
tation information, yielding a descriptor insensitive to intensity and rotation variations.
BEVPlace [11] employs group convolutions to extract rotation-equivariant local features,
which are subsequently aggregated via NetVLAD [12] into rotation-invariant global fea-
tures. BEVPlace++ [13] proposes a feature extraction pipeline for BEV images using both
rotation-equivariant and rotation-invariant networks, with ResNet34 [14] as the back-
bone and a rotation-equivariant module to extract equivariant local features, followed by
NetVLAD aggregation to generate rotation-invariant global descriptors. R2SCAT-LPR [15]
projects point clouds into BEV images through random rotation augmentation, extracts
multi-level patch features using cascaded multi-head self-attention mechanisms, and em-
ploys a dual-branch self- and cross-attention module to enhance the rotation robustness of
the network. ForestLPR [16] slices the point cloud along the vertical direction to produce
multi-height BEV density images and then applies a Transformer-based interaction module
to obtain discriminative features from different heights. Scan Context [3] centers the LIDAR
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at its current pose and partitions the point cloud from a bird’s-eye perspective into sectors
and rings according to azimuth and radial distance, encoding the maximum height within
each bin into a matrix. To address translational sensitivity, the original point cloud is
slightly shifted to multiple neighboring positions, and the resulting feature descriptors
are stored. During query matching, the descriptor to be matched is compared against all
shifted descriptors associated with that location in the database, thereby compensating for
recognition errors induced by minor translations. Scan Context++ [17] improves upon Scan
Context by proposing dual context descriptors in polar and Cartesian coordinates, tailored
for rotational and lateral translational scenarios, respectively. By applying lateral shifts to
the polar descriptor and bi-axial flips to the Cartesian descriptor, augmented descriptors
are generated to accommodate composite motion scenarios.

2.2. Range Image-Based Methods

Range images—a range image is generated by spherically projecting the point cloud
onto an image plane, where each pixel value corresponds to the distance from the LiDAR
sensor to a point in the scene. This representation directly reflects the geometry of visible
surfaces and inherently possesses rotation-equivariant properties. OverlapNet [18], as a
representative work, innovatively introduces the concept of overlap from photogramme-
try and computer vision into place recognition. It extracts multiple types of information
from the point cloud—including depth, reflectivity, normal vectors, and semantics—and
projects each modality via spherical projection to form a set of 2D images. These images
are then compared against corresponding data in a database, and the similarity is com-
puted based on the frame-to-frame overlap ratio, thereby achieving place recognition.
OverlapTransformer [4] improves upon OverlapNet by relying solely on single-channel
depth information to generate the range image, converting the similarity computation
between point clouds into a descriptor matching problem. SeqOT [19] is a spatial-temporal
Transformer-based framework designed for LiIDAR sequence-based place recognition. Dif-
ferent from previous methods that process individual LiDAR scans independently, it takes
consecutive range images as input and leverages two types of Transformer modules to
jointly capture spatial and temporal cues from sequential LiDAR data. The single-scan
Transformer extracts spatial features for each frame while retaining yaw-rotation equiv-
ariance, and the multiscan Transformer further models temporal correlations across three
consecutive scans. By concatenating frame-wise features along the width dimension and
adopting a simplified QKV design that keeps attention weights invariant to horizontal
feature shifts, the method strictly preserves geometric properties during feature learning.
CVT-Net [20] proposes a multi-layer projection of the point cloud at varying depths and
heights, producing multi-layer depth maps and bird’s-eye views. The projected features are
then compressed, aligned, and fused, ultimately yielding point cloud descriptors that are
robust to viewpoint rotations. OverlapMamba [21] further advances OverlapTransformer
by introducing the Mamba state-space model. By summing the SSM outputs of forward and
reverse sequences, it ensures contextual integrity of the feature sequence under arbitrary
yaw angles. During training, random cyclic shifts are employed to simulate different yaw
angles, thereby enhancing the model’s ability to learn viewpoint-agnostic features.

To further clarify the characteristics of different LPR representations, Table 1 sum-
marizes representative methods, advantages, and limitations of the main categories dis-
cussed above.

As shown in Table 1, existing representations provide different trade-offs between
geometric preservation, computational efficiency, and rotation robustness. These observa-
tions motivate the proposed polar BEV-based framework, which aims to preserve compact
structural representation while explicitly improving yaw rotation robustness.
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Table 1. Summary of representative LiDAR place recognition methods based on different

data representations.

Category Representative Methods Advantages Limitations
Computationally expensive and rotation ro-
3D point-based methods PointNetVLAD [6], LPD-Net [7],  Directly process raw point clouds and preserve ~ bustness usually depends on data aug-

BEV image-based methods

Range
image-based methods

HOTFormerLoc [8]

BVMatch [10], BEVPlace [11],
BEVPlace++ [13],

ForestLPR [16], Scan Context [3],
Scan Context++ [17]
OverlapNet [18],
OverlapTransformer [4],
CVT-Net [20],

OverlapMamba [21]

original 3D geometric information.

Provide compact BEV representations
of point clouds and preserve horizontal
structural layouts.

Generate range images via spherical projection
of point clouds and naturally preserve rotation-
equivariant properties.

mentation, pose alignment, or specialized
network designs.

Cartesian BEV representations are highly
sensitive to yaw rotations, often requiring
data augmentation strategies to improve
rotation robustness.

Spherical projection may introduce scale
variations and viewpoint-dependent distor-
tions, affecting descriptor stability under large
viewpoint changes.

3. Methodology

This section elaborates on the proposed LiDAR place recognition method based on
polar BEV representation and rotation-equivariant feature extraction. The overview of the
proposed framework is depicted in Figure 2. First, the raw LiDAR point cloud is projected
onto a polar grid. By aggregating the point count, maximum height, and mean intensity
within each grid cell, a density-height-intensity (DHI) three-channel polar BEV image is con-
structed, achieving multi-attribute fusion encoding of the point cloud’s spatial distribution,
geometric structure, and physical reflection properties (Section 3.1). Subsequently, to meet
the rotation equivariance requirement of the polar BEV image, a rotation-equivariant fea-
ture extractor (REFE) is designed, comprising a Radial Compression Module (RCM) and
a rotation-equivariant Transformer module (RETM). The RCM progressively compresses
the radial dimension via axial-separable convolution, outputting a feature sequence along
the azimuthal direction. The RETM establishes long-range azimuthal correlations while
preserving rotation equivariance by employing Conditional Positional Encoding (CPE)
and Circular Relative-Position Bias (CRPB) (Section 3.2). Next, the equivariant azimuthal
feature sequence is fed into a Global Descriptor Generator (GDG), where NetVLAD ag-
gregates it into a compact global descriptor with improved robustness to yaw rotations
(Section 3.3). Finally, a hard sample mining triplet loss is adopted to train the network,
thereby enhancing feature discriminability (Section 3.4).

3.1. Generation of Three-Channel Polar BEV Images

In this paper, we assume that the vehicle operates on structured paved road surfaces,
such as urban roads and highways, which are approximately planar within a local region.
Conventional BEV images are obtained by orthogonally projecting the LIDAR point cloud
onto a Cartesian grid representation. Although such a representation preserves the global
scene structure from a real-world perspective, it is inherently sensitive to variations in the
vehicle’s yaw angle, manifesting as a global rotation of the BEV image and consequently
increasing the difficulty of subsequent feature encoding and retrieval.

To enhance robustness against yaw-angle variations, we adopt a polar BEV repre-
sentation. In this representation, the three-dimensional LiDAR point cloud is vertically
projected onto the horizontal plane via BEV orthogonal projection, and the ground plane
is partitioned into grid cells along the radial and azimuthal directions. The radial resolu-
tion N, corresponds to the number of rows in the image, while the azimuthal resolution
Np corresponds to the number of columns, with each grid cell serving as a pixel of the polar
BEV image.

We adopt the vehicle body coordinate system as the reference frame, in which the
X-axis points forward, the Y-axis points leftward, and the Z-axis points upward. In this
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system, the XY-plane coincides with the ground plane. Let the point cloud acquired by the
LiDAR at time ¢ be denoted as

Pr = {P] |j:1,...,Nt}, p]: (Xj,y]‘,Zj,ij). (1)

where pj= (xj, Vi zj, i]-) represents the three-dimensional coordinates and reflection inten-
sity of the j-th point, and N} is the total number of points in the cloud.

To focus on the effective sensing range and to remove noisy points, we crop the point
cloud to a cylindrical region of radius rmax centered at the vehicle and restrict the height
within the interval [Zmin, Zmax|. Specifically, the cropped point cloud is defined as

Pi = {p,- € Pt | /%7 +¥7 < Fmax, Zmin < 2} < Zmax} )

Subsequently, the cropped point cloud is processed via polar grid binning to generate
the polar BEV image. Specifically, the radial interval [0, 7max] is uniformly divided into
N, bins, where rmax denotes the maximum sensing distance and the radial resolution
is defined as Ar = rmax/Ny; the azimuthal interval [0,27) is uniformly divided into
Nj sectors, yielding an azimuthal resolution of A = 271/ Njy. This yields a set of polar grid
cells {G, 4}, each corresponding to a fan-shaped region:

Gro= {(x,y) ER?|r<y/x2+y2 <r+Ar, 6 <atan2(y,x) < 0—|—A9} (3)

For each grid cell (,6), the LIDAR points falling within it are aggregated, and three-
channel features—namely point density, maximum height, and mean intensity—are com-
puted, thereby constructing a DHI three-channel polar BEV image.

Density channel. The number of points 7, 9) within a grid cell (r,0) is counted, then
subjected to a logarithmic transformation and normalized as follows:

ln<1 -+ min (n(rle), ngg) )

D(r.0) = In(1 + ng9)

(4)

where ngg is the 99th percentile of the point counts across grid cells.
Maximum height channel. Within each grid cell (7, 6), the relative height is defined as
the maximum vertical offset of the point cloud with respect to the lower height bound zmin:

h(r,0) = max (z; — Zmin) (5)
pi€P

This value is then normalized as

min(h(r,0), hoy)

H(r,0) = oo

(6)

where hgg denotes the 99-th percentile of the maximum heights over all grid cells.
Mean intensity channel. The mean reflection intensity of points within grid cell (7, 6)

is computed as i(, g) and then normalized:

I(r0)

I(r,0) = -
max(,//(,/)e{gr,e} (l(r/,e’))

)

If a grid cell contains no LiDAR points, the density, maximum height, and mean
intensity channels for that cell are set to zero.

Finally, the three channels D(r,0), H(r,0), and I(r,0) are combined to form a DHI
three-channel polar BEV image representation.
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3.2. Rotation-Equivariant Feature Extraction

After encoding the LiDAR point cloud into a DHI three-channel polar BEV image, it is
necessary to further extract local features to obtain a spatially structured feature representation
F that is both discriminative and rotation-equivariant. In this paper, we design a REFE tailored
to the polar BEV image for feature extraction. Specifically, the REFE consists of an RCM
followed by a Transformer encoder. The RCM progressively compresses the radial dimension
to one, yielding a feature sequence of length Nj, and the Transformer encoder then models
global relationships across this sequence to capture long-range azimuthal correlations.

It should be noted that this cyclic-shift relationship strictly holds under an ideal yaw-
only transformation, where the LiDAR observes the same place from approximately the
same sensor center and the dominant change is the heading angle. In practical revisits,
lateral translation, viewpoint-dependent occlusion, dynamic objects, non-planar terrain,
and changes in visible scene content may violate this assumption. Therefore, the proposed
representation should be understood as providing a structural prior for improving rotation
robustness rather than guaranteeing perfect rotation invariance in all real-world scenarios.

3.2.1. Radial Compression Module

In the polar BEV representation, a change in the vehicle’s heading at a fixed position
alters only the azimuthal coordinates in the polar BEV image, without affecting the radial
distances. Owing to the periodicity of the azimuth angle, 8 and 6 + 27t correspond to the same
direction. When the vehicle undergoes a counterclockwise yaw rotation by Ay, a scene point
originally at azimuth 6 shifts to § — Ay. In the polar BEV image, this yaw rotation manifests
as a leftward integer shift of k = | Ay - Ny /27| columns along the azimuthal direction.

The RCM consists of multiple stacked convolutional layers. The core idea is to progres-
sively reduce the radial resolution while increasing the number of channels, keeping the
azimuthal dimension unchanged. The input image has dimensions N, = 100 and Ny = 180.
The RCM transforms the input from N, X Ny x 3to1 x Ny x C.

To reduce computational cost while preserving directional geometric priors, we de-
couple the standard 2D convolution into sequential 1D convolutions along the radial and
azimuthal axes, respectively. We term this design axis-wise separable convolution. Along
the radial dimension, zero padding is applied to progressively aggregate distance informa-
tion; along the azimuthal dimension, circular padding is adopted to preserve equivariance
to cyclic azimuthal shifts under the yaw-only assumption.

The RCM adopts a stage-wise homogeneous encoding strategy. Stages 1-3 form a shal-
low geometric encoder that employs 3 x 3 axial-separable convolutions to rapidly reduce
resolution and expand the channel count, extracting initial features. Stages 4-6 constitute a
deep semantic compressor that uses a bottleneck structure to further compress the radial
dimension while maintaining the channel count C = 256, refining the high-dimensional fea-
tures. The final output is a feature map consisting of Ny feature vectors along the azimuthal
direction. This two-stage design conforms to the general principle of visual representation
learning, transitioning from shallow detail features to deep abstract features, and the struc-
tured design facilitates gradient propagation and optimization stability. The architecture of
the RCM is detailed in Table 2.

Table 2. Network architecture of the Radial Compression Module (RCM).

Layer Kernel Size Stride Filter Output Shape
Stage 1 3x3 (2,1) 64 50 x 180 x 64
Stage 2 3x3 (2,1) 128 25 x 180 x 128
Stage 3 3x3 (2,1) 256 13 x 180 x 256
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Table 2. Cont.

Layer Kernel Size Stride Filter Output Shape
1x1 (1,1) 64

Stage 4 3x3 (2,1) 64 7 x 180 x 256
1x1 (1,1) 256
1x1 (1,1) 64

Stage 5 3x3 (2,1) 64 4 % 180 x 256
1x1 (1,1) 256
1x1 (1,1) 64

Stage 6 3x3 (2,1) 64 1 x 180 x 256
1x1 (1,1) 256

3.2.2. Rotation-Equivariant Transformer Module

The RCM removes the radial dimension from the polar BEV image Z € RN->Nox3

to obtain a compact feature sequence of length Ny along the azimuthal direction, de-
noted as Frem € RP*NeXC. The output of the RCM is then reshaped into a sequence
S = {si}?i’l € RNoXC where s; € RC is the feature vector at the i-th azimuth, and s;
already aggregates the local contextual information of that direction and its neighbor-
ing sectors. To establish correlations between distant azimuthal positions, we design an
RETM that explicitly incorporates the cyclic topology of the azimuthal sequence into the
self-attention mechanism.

In conventional Transformer architectures [22], positional encodings, whether absolute
or relative, lack periodic constraints on the position indices and therefore do not satisfy
circular consistency along the azimuthal dimension. To ensure rotation equivariance of
the network module, we adopt CPE [23] based on depthwise separable convolution. This
method performs 1D convolution along the azimuthal dimension to dynamically generate a
position-aware representation from the input feature sequence, thereby establishing locally
position-aware correlations with rotation equivariance for each azimuthal token.

The core idea of Conditional Positional Encoding is to use the convolution result along
the azimuthal direction as the positional encoding information, decoupling spatial mixing
from channel mixing. Specifically, for the input azimuthal feature sequence S, the positional
encoding is obtained through two steps: depthwise convolution and pointwise convolution.

First, a depthwise convolution applies a 1D convolution independently to each channel
along the azimuthal dimension to establish local spatial relationships. To ensure rotation
equivariance, a circular padding strategy is adopted along the azimuthal dimension. Then,
a pointwise convolution performs linear mixing along the channel dimension to enable
cross-channel interaction. The pointwise convolution operates independently at each
individual azimuthal position using a 1 x 1 convolution, without introducing cross-position
spatial mixing, thus preserving the sequence length. The resulting positional encoding is
denoted as Pcpp € RNexC,

The output of the CPE has the same dimensions Ny x C as the input feature sequence.
Adding it to the input yields the position-augmented features:

s; = s; + Pcpg(i) (8)

where Pcpg (i) € RC denotes the positional encoding vector at azimuthal position i, and s/
denotes the input feature augmented with azimuthal positional information. Owing to the
translation equivariance of convolution, this encoding naturally satisfies cyclic shift equiv-
ariance: when the entire sequence is shifted as a whole, the relative positional encoding
remains unchanged, thereby ensuring the stability of the attention weight distribution.
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Building upon multi-head self-attention, we introduce a CRPB to address the lack
of azimuthal geometric awareness. A learnable bias term B(;_;) 04 N, 18 employed to
explicitly model the circular relative distance between tokens. For the i-th azimuthal token
attending to all tokens, the attention score is computed as

Attention(Q, K, V) = softmax(QKT +B_; )V )
74N, \/dEk (j—i) mod Ny
where B(;_j) mod N, € RMNs is a learnable Relative-Position-Bias vector that depends only on
the circular distance (j — i) mod Ny between tokens. When the entire sequence is shifted,
(j — i) mod Ny remains invariant; consequently, the attention map remains consistent under
cyclic shifts, and the network preserves rotation equivariance.

We adopt a Pre-Layer Normalization (Pre LN) architecture and is stacked with L
identical encoder layers. Each encoder layer consists of two sublayers: multi-head self-
attention (MHSA) and a feed-forward network (FFN), formulated as

Xj+1 = X + Sublayer(LN(X;)) (10)

The MHSA employs Nyeaq attention heads and leverages the CRPB mechanism to
model circular dependencies among azimuthal tokens. The FFN comprises two fully con-
nected layers with an intermediate dimension expanded to 4C, using the GELU activation
function. To maintain rotation equivariance under cyclic azimuthal shifts, the FFN oper-
ates independently on each token along the azimuthal dimension in a pointwise manner,
without introducing cross-position spatial convolutions or fully connected operations.

3.3. Global Descriptor Generator

After processing by the RETM, we obtain a feature sequence Firans € RNexC encoded
along the azimuthal dimension. This feature sequence is rotation-equivariant. However,
place recognition tasks benefit from global descriptors that are robust to yaw-induced
cyclic shifts.

In this paper, we adopt NetVLAD as the global descriptor generator. NetVLAD is
an aggregation layer widely used in visual place recognition tasks. Unlike its original
design tailored for two-dimensional CNN feature maps, we apply NetVLAD to the one-
dimensional azimuthal feature sequence Firans € RNe*C derived from the polar BEV image,
where the feature vector at each azimuthal position is treated as a local descriptor for
cluster-based aggregation:

Ny
Uy = ;wim(fi —Cm) (11)

where v, is the VLAD residual vector for cluster m, w;,, are soft-assignment weights, f;
is the feature at position i, and ¢, is the centroid of cluster m. Concatenating the residual
vectors {vm}f\’f:l of all M clusters yields a VLAD vector of dimension M - C, which is
subsequently projected to Doyt = 256 dimensions via a fully connected (FC) layer and
L2-normalized to yield the final yaw-rotation-robust global descriptor.

3.4. Network Training

We train the proposed network in an end-to-end manner. For an input point cloud P,
its corresponding global descriptor is denoted as g¢ € RMC. In this paper, we adopt a hard
sample mining triplet loss for network optimization.

For each training batch, j locations are randomly selected, and from each location,
m point cloud frames are randomly sampled to generate global descriptors, yielding a
total of j - m samples in a batch. Based on the ground-truth global poses of the point
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clouds, the translational distances between point clouds are computed. For a given anchor
sample Pynchor in the batch, point clouds whose pose translation distance is smaller than
the positive threshold 7,05 are assigned to the same-location set {Ppos }, while those with a
translation distance larger than the negative threshold Tneg are assigned to the different-
location set { Preg }-

As the global descriptors are L2-normalized, we adopt the cosine distance to measure
the spatial similarity of the global features. We then select the hardest positive sample 73;“05
and the hardest negative sample Py, to form a triplet. The loss function is formulated as

max (1 - (f(Panchor)rf(P)>) — _min (1 - <f<7)anchor)rf(7))>) +p (12)
+

where f is a constant hyperparameter that defines the margin, [...]+ denotes the hinge loss,
and (-, -) represents the vector inner product.

In summary, this section presents the complete methodology of the proposed LPR
framework. The raw point cloud is first converted into a DHI polar BEV representation,
where yaw rotations are transformed into cyclic shifts along the azimuthal dimension.
Based on this representation, the proposed REFE extracts rotation-equivariant features
through radial compression and azimuthal contextual modeling. Finally, NetVLAD aggre-
gates the equivariant feature sequence into a compact rotation-invariant global descriptor,
and the network is optimized using a hard sample mining triplet loss.

4. Evaluation Setup

This section presents the experimental setup, including the datasets employed and the
evaluation metrics used to assess place recognition performance.

4.1. Datasets

In this paper, three datasets are adopted to evaluate the performance of the pro-
posed method for the place recognition task. The first consists of the widely used public
datasets KITTI and NCLT, which are employed to assess the overall performance of the
algorithm. The second is a self-constructed dataset based on the Car Learning to Act
(CARLA) simulation platform [24], specifically designed for evaluating robustness to large
yaw rotations, and is used to evaluate the algorithm’s performance under rotational con-
ditions. The trajectories of the three dataset sequences used in this paper are shown in

Figure 3 on satellite maps.

Figure 3. Trajectory visualization overlaid on satellite maps. (Left): trajectory of the KITTI 00 sequence;
(middle): trajectory of the NCLT 2012-01-08 sequence; (right): trajectory of the self-constructed LiDAR
Place Recognition Revisit (LPRR) dataset built upon the CARLA simulation platform.

KITTI dataset. As one of the most representative public datasets in autonomous
driving, KITTI provides real-world road scene data collected by vehicle-mounted sensors.
In this paper, we conduct experiments using the KITTI Odometry Benchmark sequences.
Specifically, sequences 03 to 10 are used for network training, sequence 02 for validation,
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and sequence 00 for testing, with frames 0 to 3000 employed to construct the database,
and frames 3200 to 4541 used for queries.

NCLT dataset. This dataset is an important resource for studying long-term au-
tonomous robot operation. Data were collected at the University of Michigan, encom-
passing multiple repeated trajectories in a campus environment. The NCLT dataset spans
multiple months with varying weather and vegetation conditions, making it ideal for
evaluating cross-session robustness. In this paper, we select two representative sequences
for experiments: sequence 2012-01-08 is used to construct the database, and sequence
2012-02-05 is used for queries.

Self-constructed LiDAR Place Recognition Revisit (LPRR) dataset. Although public
LiDAR datasets such as KITTI and NCLT provide a real-world scene foundation for place
recognition research, they suffer from notable limitations in terms of coverage density of
vehicle revisit scenarios and the controllability of rotation angles. Specifically, real-world
data collection makes it difficult to systematically introduce substantial heading variations
while ensuring strictly overlapped trajectories, which in turn hinders the disentanglement
of pose error interference and prevents targeted evaluation of algorithmic robustness to
rotational changes. To address this shortcoming, we construct a supplementary dataset
specifically designed for rotation-robustness validation using the CARLA open-source
autonomous driving simulation platform.

To clarify the hardware and software implementation of the self-constructed dataset,
the simulation platform, sensor configuration, and data acquisition pipeline are described
as follows. A real-world off-road area of approximately 2 km x 2 km is modeled as a custom
simulation map using Unreal Engine 4. The data acquisition software is implemented using
the Python API provided by CARLA 0.9.14, which is used for vehicle control, sensor
configuration, data synchronization, and ground-truth pose recording. The simulator
adopts a left-handed coordinate system in which the +X axis points forward along the
driving direction, the +Y axis points to the right of the vehicle, and the +Z axis points
vertically upward. The extrinsic matrices of all sensors and the ground-truth global poses
are provided by the CARLA simulator API carla.Transform and follow this convention.

The virtual hardware configuration includes a LIDAR sensor and a forward-looking
RGB camera mounted on the autonomous vehicle. The LiDAR is mounted on the vehicle
roof to acquire three-dimensional point cloud data of the surrounding environment. Its
specifications are as follows: vertical field of view ranging from —25° to +15°, horizontal
field of view of 360°, 128 channels, and a point frequency of 1 MHz. Point cloud data are
saved in PCD format, with an average size of approximately 2.1 MB per frame. The camera
is mounted on the front part of the vehicle roof to capture RGB images of the environment
ahead. Its specifications are as follows: image resolution of 800 x 800 pixels, a horizontal
field of view of 120°, and a frame rate of 10 Hz. Image data are saved in PNG format,
with an average size of approximately 0.9 MB per frame.

Based on the above hardware and software configuration, we performed data acqui-
sition by driving back and forth along two routes in the simulation scenario: one paved
road and one dirt road. LiDAR point clouds, forward-looking camera images, and vehicle
global poses were synchronously saved at intervals of 0.1 s, resulting in a total of four data
sequences, as presented in Table 3.

As illustrated in Figure 4, the LIDAR point clouds and camera images captured at
different headings of the vehicle at a certain intersection in the simulation scenario exhibit
notable appearance differences. Although these acquisition positions are spatially close
to each other, the differing orientations lead to substantial variations in the LiDAR point
clouds, which poses a significant challenge for place recognition.
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Table 3. Specifications of the sequences in the self-constructed LiDAR Place Recognition Revisit

(LPRR) dataset.
Sequence Length Frame Direction Role
1-1 2.85km 8628 clockwise Database
1-2 291 km 8810 counterclockwise Query
2-1 3.05 km 9120 clockwise Database
2-2 3.07 km 9174 counterclockwise Query

Figure 4. Example of sensor data at an intersection scene in the self-constructed LiDAR Place
Recognition Revisit (LPRR) dataset: (a) global trajectory of the data collection route, where the red and
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green curves indicate two traversal directions and the yellow rectangle marks the selected intersection
area; (b) enlarged local view of the intersection, where the red circles indicate representative data
acquisition positions; (¢) synchronized sensor observations at eight acquisition positions, where the
upper images show LiDAR point clouds in BEV form and the lower images show the corresponding
forward-view camera images. Positions 5/6 and 7/8 correspond to different vehicle headings at
spatially close locations, illustrating appearance variations caused by viewpoint changes.

4.2. Evaluation Metrics

To evaluate the place recognition performance of the proposed algorithm, we adopt
Recall@K as the primary evaluation metric. This metric measures whether, for a given query
frame, at least one true match exists among the top-K most similar candidates returned
from the database. A successful place recognition is counted if such a match is found.
The formula for Recall@K is given as follows:

N

1 9
Recall@K = — Y ' I( min D(p, 13
eca ng (71]161171_;( (p Pt)<‘t> (13)

where Nj is the total number of query samples, I(-) denotes the indicator function, 7Tk
represents the set of the top-K retrieval results returned for the query point cloud P; based
on feature similarity, D(p, P;) is the Euclidean distance in pose space between the query
point cloud P; and a retrieved point cloud p, and 7 is a distance threshold for determining
whether two point clouds correspond to the same location.

In addition to Recall@K, we further report a top-1 threshold-based precision-recall (PR)
curve as a threshold-based complementary evaluation. It should be noted that Recall@K
differs from the recall used here. Recall@K is a ranking-based retrieval metric that evaluates
whether at least one true match appears among the top-K retrieval candidates for each
query. In contrast, the top-1 threshold PR curve evaluates, under varying descriptor distance
thresholds, whether the retrieved top-1 candidate can be correctly accepted or rejected.

For each query, we first retrieve its top-1 database candidate according to descriptor
distance, forming a query-candidate pair. Let d 405 denote the descriptor distance between
the query and its top-1 candidate, and let dpose denote their Euclidean pose distance. Given
a descriptor-distance threshold J, the pair is predicted as positive if d4esc < J, and negative
otherwise. The ground-truth label of the pair is positive if dpose < T, where T is the same
place recognition distance threshold used in Recall@K; otherwise, it is negative.

Based on these binary decisions, true positives (T P), false positives (F P), false negatives
(FN), and true negatives (TN) are counted as follows: TP denotes accepted pairs that are
ground-truth positives; FP denotes accepted pairs that are ground-truth negatives; FN
denotes rejected pairs that are ground-truth positives; and TN denotes rejected pairs that
are ground-truth negatives. Precision and recall are then computed as

Precision(4) = ]73(51;11((51—213(6)' (14)
Recall(d) = __TPE) (15)

- TP(6) + FN(s)’

By sweeping ¢, the PR curve characterizes the trade-off between accepting correct
top-1 matches and suppressing incorrect top-1 matches.

5. Experimental Evaluation

This section presents extensive experiments to validate the place recognition per-
formance of the proposed method on both public and self-constructed datasets. First,
the network implementation details and key hyperparameter settings used during training

https:/ /doi.org/10.3390/app16126155


https://doi.org/10.3390/app16126155

Appl. Sci. 2026, 16, 6155

15 of 23

are provided. Subsequently, quantitative comparisons between the proposed method and
state-of-the-art approaches are reported. Ablation studies are then conducted to verify
the effectiveness of the designed modules. Finally, the inference time and computational
efficiency of the model are analyzed.

5.1. Implementation Details

Polar BEV Generation. The raw LiDAR point cloud is cropped to retain valid points
within a cylindrical region centered at the vehicle with a radius of rmax = 40 m and a height
range of [Zmin, Zmax] = [—5 m, 10 m]. The cropped point cloud is then projected onto a polar
grid, where each grid cell encodes three channels of information: density, maximum height,
and mean intensity, ultimately generating a DHI polar BEV image of size 100 x 180 x 3.

Network Architecture. In the proposed REFE, the detailed configuration of the RCM
is provided in Table 1. The RCM progressively compresses the input spatial dimensions
from 100 x 180 x 3 to 1 x 180 x 256 over six stages, outputting a feature sequence along the
azimuthal direction. The RETM is stacked with L = 4 encoder layers, where the number of
heads in the MHSA is Npe,q = 8, and the intermediate dimension of the FEN is expanded
to 4C = 1024. The number of cluster centers in NetVLAD is M = 64, and the dimension of
the final global descriptor after dimensionality reduction is Doyt = 256.

Training Configuration. The network is trained end-to-end using the Adam optimizer
with an initial learning rate of 10~ and a weight decay coefficient of 10~%. The learning
rate is scheduled via a cosine annealing strategy. Training is conducted for 200 epochs with
a batch size of 16, i.e., randomly selecting j = 4 locations per iteration and m = 4 point
cloud frames per location. The margin hyperparameter 8 in the triplet loss is set to 0.5.
The positive threshold 7p0s and negative threshold Theg are set to 5 m and 10 m, respectively.
The proposed network is trained only on the KITTI dataset, using sequences 03-10 for
training and sequence 02 for validation. The final in-domain test is conducted on KITTI
sequence 00, where frames 0-3000 are used as the database and frames 32004541 are used
as queries. The NCLT and LPRR datasets are not used for training or fine-tuning; they
are used only for evaluation to assess cross-dataset generalization and robustness under
different revisit conditions.

Retrieval. To ensure real-time place recognition, an approximate nearest neighbor
search algorithm based on the Hierarchical Navigable Small World (HNSW) [25] graph
is adopted for efficient matching of global descriptors during the retrieval stage. In our
experiments, the HNSW algorithm uses the following parameters: number of neighbors
per element is My,qw = 16, candidate list size during construction is e fConstruction = 100,
and candidate list size during search is ef = 100.

Baseline Evaluation. For the compared learning-based methods, including HOT-
FormerLoc [8], BEVPlace++ [13], and OverlapTransformer [4], we use the publicly available
implementations and pretrained weights provided by the original authors. These methods
are not retrained in our experiments. Instead, their pretrained models are directly used
for descriptor extraction, and the extracted descriptors are evaluated on the dataset splits
specified in this paper. For Scan Context [3], which is a hand-crafted descriptor rather than a
deep learning model, no training is required; we evaluate it using the same database/query
splits and matching protocol.

Hardware Environment. All experiments are performed on a workstation running
Ubuntu 20.04, equipped with an Intel Core i7 12700K processor (3.6 GHz), 64 GB of RAM,
an NVIDIA GeForce RTX 4090 D GPU (24 GB VRAM), and CUDA 12.1.
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5.2. Evaluation for Place Recognition

We compare the proposed method with HOTFormerLoc [8], BEVPlace++ [13], Overlap-
Transformer [4], and Scan Context [3] on the KITTI, NCLT, and LPRR datasets. The resulting
Recall@K curves are presented in Figures 5 and 6, and the quantitative comparison of the
key metrics Recall@1 and Recall@25 is provided in Table 4.
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Figure 5. Recall@K curves on three benchmark datasets: (a) KITTI; (b) NCLT; (c) LiDAR Place
Recognition Revisit (LPRR).
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Figure 6. Top-1 threshold-based precision-recall curves on three benchmark datasets: (a) KITTI;
(b) NCLT; (c) LiDAR Place Recognition Revisit (LPRR).

Table 4. Quantitative comparison of Recall@1 and Recall@25 of different algorithms.

Recall@1 Recall@25

Algorithm

KITTI NCLT LPRR KITTI NCLT LPRR
HOTFormerLoc 0.660 0.697 0.456 0.843 0.905 0.868
BEVPlace++ 1.000 0.907 0.520 1.000 0.926 0.911
OverlapTransformer ~ 0.991 0.586 0.117 0.999 0.826 0.761
Scan Context 0.982 0.131 0.339 0.988 0.357 0.457
Ours 0.966 0.923 0.599 0.995 0.949 0.970

Results on the KITTI Dataset. Since the model is trained on other KITTI sequences and
tested on sequence 00, this experiment mainly reflects in-domain performance under the
KITTI odometry setting. Figure 5a presents the Recall@K curves of different algorithms on
sequence 00 of the KITTI dataset. Overall, most learning-based methods achieve nearly
saturated Recall@K performance on this dataset, indicating that KITTI sequence 00 is rela-
tively less challenging when the training and testing data come from the same benchmark
domain. BEVPlace++ achieves the best performance on KITTI, with both Recall@1 and
Recall@25 reaching 1.000. OverlapTransformer also performs strongly, achieving a Recall@1
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of 0.991 and a Recall@25 of 0.999. The proposed method achieves a Recall@1 of 0.966 and a
Recall@25 of 0.995, which is slightly lower than BEVPlace++ and OverlapTransformer but
remains competitive in the in-domain KITTI setting. Scan Context also obtains high recall
scores, with a Recall@1 of 0.982 and a Recall@25 of 0.988, suggesting that hand-crafted
polar descriptors can be effective under regular urban driving trajectories. In contrast,
HOTFormerLoc achieves lower Recall@1 and Recall@25 values of 0.660 and 0.843, respec-
tively. The top-1 threshold-based PR curve in Figure 6a further shows that BEVPlace++,
OverlapTransformer, Scan Context, and the proposed method all maintain high precision
over most recall levels, while HOTFormerLoc exhibits a more evident precision decrease
as recall increases. These results indicate that the proposed method is highly competitive
on KITTI, although its main advantage becomes more apparent in the cross-dataset NCLT
evaluation and the large-yaw LPRR evaluation.

Results on the NCLT Dataset. To complement the in-domain KITTI evaluation and
assess cross-dataset generalization, we directly test the KITTI-trained model on the NCLT
dataset without additional fine-tuning, using sequence 2012-01-08 as the database and
sequence 2012-02-05 as the query set. As shown in Figure 5b, the proposed method
consistently outperforms the compared methods on this dataset, achieving a Recall@1
of 0.923 and a Recall@25 of 0.949. BEVPlace++ achieves the second-best performance,
with Recall@1 of 0.907 and Recall@25 of 0.926. In comparison, OverlapTransformer and
HOTFormerLoc show lower cross-dataset performance, while Scan Context degrades
substantially on NCLT, achieving a Recall@1 of only 0.131 and a Recall@25 of 0.357. This
indicates that the proposed DHI polar BEV representation and rotation-equivariant feature
encoder provide better generalization of long-term cross-session environments. The PR
curve in Figure 6b also demonstrates that the proposed method preserves high precision
across a broad recall range, whereas several baselines suffer from more obvious precision
degradation as the descriptor threshold becomes looser.

Results on the LPRR Dataset. To further evaluate robustness under large yaw changes
beyond the standard KITTI setting, we test the KITTI-trained model on the self-constructed
LPRR dataset without additional fine-tuning. Figure 5c presents the Recall@K curves of
different algorithms on the LPRR dataset. This dataset is specifically built for evaluating ro-
bustness under large yaw changes, comprising clockwise and counterclockwise round-trip
traversal data under both paved-road and dirt-road scenarios, where the vehicle revisits
the same location with approximately opposite headings, i.e., a near 180° yaw change.
The proposed method achieves the best performance in this challenging scenario, with
Recall@1 of 0.599 and Recall@25 of 0.970. BEVPlace++ obtains a Recall@1 of 0.520 and
a Recall@25 of 0.911, while HOTFormerLoc and Scan Context show lower performance.
OverlapTransformer performs poorly on LPRR, with a Recall@1 of 0.117 and a Recall@25
of 0.761, indicating that range-image-based depth-only descriptors may lack sufficient
discriminability in sparse off-road environments with strong viewpoint changes. The PR
curve in Figure 6c further confirms the advantage of the proposed method: it maintains
substantially higher precision than the compared methods across most recall levels, show-
ing stronger ability to suppress descriptor-level false-positive loop candidates. The overall
Recall@1 values on LPRR remain lower than those on KITTI and NCLT mainly because
reverse revisits introduce significant changes in visible geometric content, and the simu-
lated off-road environment contains repeated vegetation and terrain structures that cause
perceptual aliasing. These results suggest that rotation robustness alone is insufficient un-
der simultaneous viewpoint change and perceptual ambiguity; nevertheless, the proposed
DHI encoding and circularly consistent feature modeling help mitigate these challenges.
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5.3. Ablation Study

To intuitively illustrate the feature behavior of the proposed modules under controlled
yaw rotations of the proposed network modules, we conduct a controlled visualization
experiment. As shown in Figure 7, a color-striped image is employed as a simplified
polar BEV input, with each row corresponding to rotation angles of 0°, 60°, 120°, and 180°,
respectively. From left to right: the polar BEV input exhibits a cyclic column shift under
rotation; the RCM compresses radial information while preserving the azimuthal structure;
the CPE dynamically injects rotation-equivariant positional encoding; and the RETM
further models long-range azimuthal dependencies. Finally, the output of the GDG remains
visually consistent across all rotation angles, showing that the aggregated global descriptor
remains visually consistent under controlled yaw rotations.

Polar BEV RCM

Figure 7. Demonstration of the rotation equivariance and invariance of the network modules. A color-

RETM GDG

striped image is employed as a simplified example input for the polar BEV representation. From left
to right: polar BEV input, Radial Compression Module (RCM) output features, Conditional Positional
Encoding (CPE), rotation-equivariant Transformer module (RETM) output features, and Global
Descriptor Generator (GDG) output. Each row corresponds to the input image rotated by 0°, 60°,
120°, and 180°, respectively.

The above visualization provides a qualitative illustration that, under controlled yaw
rotations, the proposed network modules can preserve the cyclic-shift structure of the
polar BEV representation and produce consistent global descriptors after GDG aggregation.
On this basis, to further quantitatively analyze the contribution of both the DHI input
representation and the key network components to place recognition performance, we
conduct ablation experiments on the LPRR dataset. For the DHI ablation, inspired by the
pseudo-RGB input setting used in BEVPlace++ to adapt a single-channel BEV image to a
ResNet backbone, each single-attribute polar BEV image is copied into three channels to
keep the input size and network architecture unchanged. Specifically, the Density-only,
Height-only, and Intensity-only variants use [D, D, D], [H, H, H], and [I, I, I] as inputs,
respectively, while the full model uses the proposed DHI input [D, H, I]. This design
ensures that the comparison focuses on the contribution of different input attributes rather
than changes in model capacity. For the module ablation, we remove or replace key
components in the feature extractor to evaluate the roles of the RCM, CPE, CRPB, and RETM.
All models involved in the ablation study adopt exactly the same training configuration
as the full model and are evaluated under the same LPRR protocol. The quantitative
comparison of the key metrics Recall@1 and Recall@25 is provided in Table 5.
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Table 5. Ablation study results of Recall@1 and Recall@25 on the key components.

Variant Recall@1 Recall@25
Density-only 0.471 0.853
Height-only 0.425 0.767
Intensity-only 0.413 0.746
w/0 RCM 0.543 0.924
w/o CPE 0.511 0.877
w/o CRPB 0.503 0.912
w/o RETM 0.550 0.901
Ours 0.599 0.970

Abbreviations: RCM, Radial Compression Module; CPE, Conditional Positional Encoding; CRPB, Circular
Relative-Position Bias; RETM, rotation-equivariant Transformer module.

Validation of the DHI. To evaluate the effectiveness of the proposed DHI polar BEV
representation, we compare the full DHI input with three three-channel replicated single-
attribute variants. As shown in Table 5, the Density-only, Height-only, and Intensity-only
variants achieve Recall@1 values of 0.471, 0.425, and 0.413, respectively, and Recall@25
values of 0.853, 0.767, and 0.746, respectively. In contrast, the full DHI representation
improves Recall@1 to 0.599 and Recall@25 to 0.970. These results indicate that the three
input attributes provide complementary information for place recognition: density captures
the spatial distribution of LiDAR points, height encodes geometric structure, and intensity
introduces reflectance cues. Their joint use therefore enhances the discriminability and
robustness of the learned global descriptor.

Validation of the RCM. To verify the necessity of the proposed axis-wise separable
convolution with circular padding, we replace the axis-wise separable convolutions in
the RCM with standard convolutions, while keeping the remaining network architecture
consistent with the full model. As shown in Table 5, the Recall@1 of this variant drops
from 0.599 to 0.543, and the Recall@25 drops from 0.970 to 0.924. Although the abso-
lute drops in Recall@1 appear modest, the consistent degradation across both metrics
confirms that each module contributes distinct and complementary properties: the RCM
preserves geometric equivariance, while the RETM enhances discriminative power through
global contextualization.

Validation of the CPE. To assess the effectiveness of CPE, we construct a w/o CPE
variant by removing the CPE module from the RETM and using no additional positional
encoding, so that the feature sequence output by the RCM is directly fed into the multi-
head self-attention layers. The remaining network architecture and training configuration
are kept unchanged. As presented in Table 5, the w/o CPE variant yields a Recall@1 of
0.511 and a Recall@25 of 0.877, which are lower than the full model by 0.088 and 0.093,
respectively. This performance degradation shows that CPE is beneficial for injecting local
azimuthal positional information into the feature sequence. Without CPE, the Transformer
has weaker capability to encode position-aware relationships among neighboring azimuthal
tokens, resulting in reduced descriptor discriminability.

Validation of the CRPB. To verify the necessity of CRPB, we construct a w/o CRPB vari-
ant by replacing the proposed circular-relative-bias self-attention with standard multi-head
self-attention, where the attention score is computed only from the query-key similarity
without adding any Circular Relative-Position Bias. The other components are kept un-
changed. As shown in Table 5, the w/o CRPB variant obtains a Recall@1 of 0.503 and a
Recall@25 of 0.912, which are lower than the full model by 0.096 and 0.058, respectively.
These results confirm that CRPB helps the attention mechanism explicitly model the circular
relative distances among azimuthal tokens. Without CRPB, the Transformer lacks circular
relative-position modeling, leading to weaker long-range azimuthal contextual reasoning
and reduced place recognition performance.
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Validation of the RETM. To evaluate the effectiveness of the proposed RETM in
modeling long-range azimuthal dependencies, we remove the RETM and reshape the RCM
output from 1 X Ny X C to Ny x C, which is then directly fed into NetVLAD. This variant
aims to test the capability of place recognition using only local azimuthal features without
global contextual interactions along the azimuthal dimension. As presented in Table 5, this
variant yields a Recall@1 of 0.550 and a Recall@25 of 0.901. This indicates that without the
global contextual interactions introduced by the RETM, the network struggles to establish
long-range azimuthal correlations, resulting in a degradation in the discriminability of the
global descriptor, thereby validating the critical role of the RETM.

5.4. Runtime

In addition to recognition accuracy, computational efficiency is also a critical metric
for determining whether a LiDAR place recognition algorithm can be practically deployed
on resource-constrained autonomous driving platforms. In this section, we compare the
runtime efficiency of the proposed algorithm with that of HOTFormerLoc, BEVPlace++,
OverlapTransformer, and Scan Context on the KITTI dataset sequence 00.

To ensure a fair comparison of the online inference efficiency of different methods,
the global descriptors of the database are pre-extracted offline according to the default
configuration of each method. During the testing phase, timing starts from reading the raw
point cloud file from disk and ends when retrieval matching is completed. Query frames of
the KITTI dataset sequence 00 are tested continuously, frame by frame, and the average
processing time per frame is recorded. The runtime metrics, including per-frame latency
and throughput measured in frames per second (FPS), are reported in Table 6.

Table 6. Comparison of model complexity and runtime performance among different LIDAR place
recognition methods.

Method Params (M) Size (MB) FLOPs (G) Latency (ms) FPS
HOTFormerLoc 35.37 134.93 2.47 44.90 22.26
BEVPlace++ 1.36 5.20 10.84 118.31 8.45
OverlapTransformer 48.14 183.65 3.26 18.28 54.70
Scan Context N/A N/A N/A 103.39 9.67
Ours 8.22 31.35 2.10 25.44 39.30

Scan Context is a non-learning method without trainable parameters.

To further avoid ambiguity in the runtime analysis, we decompose the query-time
latency of the proposed method into its main pipeline components, as reported in Table 7.
The component-wise timing is averaged over 1341 query frames of KITTI sequence 00.

Table 7. Comparison of component-wise runtime performance among different stages of the pro-

posed method.
Component Total (s) Avg. (ms)
Polar BEV Generation 28.86 21.52
Radial Compression Module 2.59 1.93
Rotation-Equivariant Transformer Module 212 1.58
Global Descriptor Generator 0.49 0.37
Database Matching 0.06 0.05
Overall Total 34.12 25.44

As shown in Table 6, BEVPlace++ achieves the most compact model with only 1.36 M
parameters and a size of 5.20 MB. This compactness, however, comes with relatively
high computational overhead, as evidenced by its 10.84 GFLOPs, 118.31 ms per-frame
latency, and 8.45 FPS. OverlapTransformer has the largest parameter count, with 48.14 M
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parameters and a model size of 183.65 MB, but achieves the fastest runtime, with a latency
of 18.28 ms and 54.70 FPS. HOTFormerLoc occupies a middle ground in terms of model
size and speed, achieving a latency of 44.90 ms and 22.26 FPS. Scan Context, although free
of trainable parameters, requires 103.39 ms per frame due to its hand-crafted descriptor
construction and matching procedure.

The proposed method achieves a favorable balance between model complexity and
runtime efficiency. It has 8.22 M parameters, roughly one-sixth of OverlapTransformer,
and a model size of 31.35 MB, making it more compact than OverlapTransformer and
HOTFormerLoc. Its computational cost of 2.10 GFLOPs is also the lowest among the
learning-based methods. Although its latency of 25.44 ms and frame rate of 39.30 FPS
are slightly lower than those of OverlapTransformer, they are substantially better than
BEVPlace++, HOTFormerLoc, and Scan Context.

The component-wise analysis in Table 7 further shows that the main computational
cost of the proposed method lies in Polar BEV generation, which takes 21.52 ms per frame
and accounts for most of the total latency. This relatively high cost is mainly caused by point-
cloud loading/parsing and CPU-based polar grid binning in the current implementation
rather than the neural network itself. In contrast, the neural descriptor extraction stages are
lightweight: the Radial Compression Module, rotation-equivariant Transformer module,
and Global Descriptor Generator require only 1.93 ms, 1.58 ms, and 0.37 ms, respectively.
Database matching is also efficient, requiring only 0.05 ms per query. These results indicate
that the proposed feature encoder and retrieval stage introduce limited computational
overhead, while further optimization of the Polar BEV generation stage, such as more
efficient point-cloud loading and GPU-based parallel grid construction, could further
improve online efficiency. Since common vehicle-mounted LiDAR typically operate at
10 Hz or 20 Hz, the proposed method shows potential for real-time LiDAR place recognition
on autonomous driving platforms.

6. Conclusions

This paper presents a robust and efficient LIDAR place recognition framework that
achieves strong performance under large yaw rotations while maintaining computational
efficiency. By projecting raw point clouds into polar BEV grids with density, height,
and intensity channels, and designing a rotation-equivariant feature encoder consisting of a
Radial Compression Module and a rotation-equivariant Transformer module, our method
produces compact global descriptors that exhibit strong robustness to large yaw rotations
via NetVLAD with end-to-end hard example mining triplet loss. Extensive experiments
on KITTI, NCLT, and the proposed LPRR dataset demonstrate that our approach achieves
competitive or superior performance across the evaluated datasets and metrics, achieving
superior recall rates with only 8.22 M parameters and 25.44 ms per frame. Ablation studies
confirm the necessity of the proposed modules, and the results on NCLT and LPRR suggest
promising cross-dataset generalization within the evaluated settings without fine-tuning.

In future work, we plan to relax the ground-flatness assumption to handle non-planar
off-road scenarios with significant pitch and roll disturbances. We will also further evaluate
the proposed method on more diverse real-world datasets and deployment scenarios to
validate its generalization capability under broader environmental conditions. In addi-
tion, we will investigate integrating multi-modal sensor fusion, such as camera and IMU,
and developing online adaptation strategies for long-term operation without full retraining.
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Abbreviations

The following abbreviations are used in this manuscript:

LiDAR  Light Detection and Ranging

LPR LiDAR Place Recognition

BEV Bird’s Eye View

SLAM Simultaneous Localization and Mapping
CARLA Car Learning to Act

FPS Frames Per Second
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