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Abstract

Automotive spinning FMCW radar provides dense, 360°
sensing and remains reliable under poor illumination and
adverse weather, making it well-suited to autonomous nav-
igation. Place recognition uses these observations to iden-
tify previously visited locations for re-localization and long-
term navigation. However, heading changes appear as
circular shifts in the polar radar representation, and con-
ventional global aggregation can lose relationships among
radar responses that are important for distinguishing simi-
lar places. We propose SGCA-Net, a spinning radar place
recognition framework that combines rotation-robust fea-
ture extraction with Spatially Gated Correlation Aggrega-
tion (SGCA). SGCA learns spatial weights to reduce the in-
fluence of unstable and ambiguous radar regions, while ag-
gregating pairwise correlations among local responses to
preserve informative feature relationships. Experiments on
the MulRan dataset show that SGCA-Net consistently out-
performs SOTA methods across urban, campus, and open-
road environments, while remaining robust to substantial
heading variation. Evaluation on the HeRCULES dataset
further demonstrates that SGCA-Net generalizes to unseen
environments and radar sensors without fine-tuning.

1. Introduction

Place recognition (PR) determines whether a current ob-
servation corresponds to a previously visited place and is
central to long-term autonomous robot navigation, loop clo-
sure, and re-localization [I, 2]. PR is commonly formu-
lated as a retrieval problem, where observations are en-
coded as compact global descriptors and a query is matched
to a database using nearest-neighbour search, with can-
didate matches subsequently refined through a re-ranking
method [3]. The effectiveness of this retrieval formula-
tion therefore depends on descriptors that remain consistent
across revisits while providing sufficient discrimination be-
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tween geographically distinct locations [4]. The ability to
construct such robust descriptors depends strongly on the
sensing modality. Cameras [5, 6, 7] and LiDAR [2, 8] have
been widely adopted for PR, while automotive mmWave
frequency-modulated continuous-wave (FMCW) radar of-
fers complementary robustness under poor illumination
and adverse weather conditions, including rain, fog, and
dust [9, 10, 11, 12]. Among automotive radar configu-
rations, spinning FMCW radar is particularly suitable for
global descriptor-based PR [13, 14, 15, 16] because it pro-
vides dense, 360° azimuth-range measurements, in con-
trast to the sparser and more limited field-of-view obser-
vations typically produced by 4D automotive radar sen-
sors [17, 18, 19].

A spinning FMCW radar scan is formed by mechanically
rotating the radar antenna over azimuth while recording re-
flected signal power over range, producing a 360° azimuth-
range polar representation [9, 12]. While this representa-
tion provides dense coverage of the surrounding environ-
ment, it introduces several challenges for place recognition.
Changes in vehicle heading appear as circular shifts along
the azimuth dimension, while the measured radar responses
vary with reflector geometry, material properties, incidence
angle, multipath, sidelobes, and range [11, 10, 9]. In ad-
dition, dynamic objects, occlusions, and transient clutter
can alter the spatial distribution of returns between revis-
its. Consequently, observations of geographically distinct
places may contain similar local radar responses, while ob-
servations of the same place may exhibit substantial varia-
tion across traversals [13, 14, 15, 16]. An effective radar
descriptor must therefore preserve repeatable spatial struc-
ture across revisits while reducing the influence of unstable
and ambiguous responses.

Existing radar PR methods have primarily addressed
heading variation through radar-specific convolutional pro-
cessing, circular operations, transform-domain representa-
tions, or rotation-aware descriptor design [13, 14, 15, 16].
However, the subsequent aggregation of local radar features
into a compact global representation remains comparatively
less explored. First-order aggregation methods, including
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average, max, and generalized mean (GeM) pooling, pri-
marily summarize feature presence or response magnitude.
Learned aggregation approaches, such as NetVLAD [4]
and its radar variants [14, 16], provide more expressive
representations by aggregating local features, but largely
characterize the distribution of individual responses. For
spinning radar, this can discard informative co-occurrence
structure across the scan, where place identity may de-
pend on joint response patterns rather than isolated fea-
ture strength. A global descriptor should therefore preserve
not only salient individual responses, but also relationships
among responses that remain consistent across revisits.

Motivated by these observations, we introduce SGCA-
Net, a learned spinning FMCW radar place recognition
framework that combines a rotation-robust radar backbone
with a Spatially Gated Correlation Aggregation (SGCA) de-
scriptor. The backbone operates directly on the azimuth-
range polar representation and extracts local features that
are robust to heading-induced circular shifts. The SGCA
module subsequently projects these features into a com-
pact descriptor space, learns spatial keep/dustbin weights
to reduce the contribution of unstable or ambiguous lo-
cations, and aggregates pairwise correlations among the
reweighted local responses. Unlike conventional first-order
aggregation, which mainly summarizes feature presence
or response strength, SGCA therefore produces a spatially
gated feature-correlation representation to preserve repeat-
able radar structure. Power normalization further stabilizes
the representation. The contributions of this work are sum-
marized as follows:

* We propose SGCA-Net, a spinning radar place recog-
nition framework that combines rotation-robust feature
extraction with spatially gated correlation aggregation.

* We introduce a spatially weighted feature correla-
tion representation that captures pairwise relationships
among radar responses while reducing the influence of
unstable and ambiguous regions.

* We demonstrate consistent improvements across di-
verse MulRan environments and show that the repre-
sentation learned by SGCA-Net transfers effectively to
unseen sensor and environments without fine-tuning.

2. Related Work

Radar Place Recognition. Radar Place Recognition
(RPR) has evolved from hand-crafted representations to-
wards learned global features. ScanContext [20] repre-
sents a scan using a polar grid and handles heading varia-
tion through circular alignment, while Ring Key provides a
compact rotation-invariant summary derived from the same
representation. Although these methods are efficient and
interpretable, their hand-crafted formulations offer limited

adaptability to the substantial appearance variation present
in automotive radar observations. RadarLoc [15] showed
that a compact radar-specific convolutional network operat-
ing directly on polar radar images can learn effective global
descriptors for large-scale place recognition. Its cylindrical
processing and GeM pooling provide robustness to head-
ing variation while maintaining a lightweight architecture.
More recent methods have explored alternative feature ag-
gregation, matching, and sensing configurations. Open-
RadVLAD [14] aggregates local radar features using a
VLAD-based representation, while RaPlace [13] employs
Radon-transform-based processing to improve robustness
to changes in radar appearance. SHeRLoc [16] extends
radar place recognition to heterogeneous radar sensors and
includes evaluation on spinning radar observations. Despite
these advances, most learned spinning radar approaches still
compress their feature maps using conventional global ag-
gregation. Consequently, descriptor formation is dominated
by the strength or frequency of local responses, while inter-
actions among feature responses receive limited attention.
This is restrictive for spinning radar, where a place may
be identified more reliably by recurring combinations of re-
turns than by isolated strong measurements.

Global Feature Aggregation. Global aggregation con-
verts local feature maps into compact descriptors for effi-
cient place retrieval. First-order methods, including aver-
age, maximum, and generalized mean (GeM) pooling [21],
summarize individual feature responses but discard rela-
tionships between feature channels. GeM is commonly
used for place recognition and is adopted by RadarLoc for
spinning radar PR. Learned aggregation methods such as
NetVLAD [4] and Open-RadVLAD [14] provide more ex-
pressive descriptors by modelling the distribution of local
features, but do not explicitly capture relationships among
feature responses. This is limiting for automotive radar,
where feature maps may contain empty regions, multipath,
transient objects, and repeated structures that can introduce
unstable or ambiguous responses.

Pairwise Feature Correlation Aggregation. Pairwise
correlation representations model dependencies between
feature channels through bilinear or covariance statistics.
Bilinear pooling [22] and covariance-based representa-
tions [23] have shown that such interactions can improve
discrimination beyond first-order aggregation. However, di-
rectly applying correlation aggregation to radar is problem-
atic because unreliable spatial locations can influence the
resulting correlation statistics. SGCA-Net addresses this by
applying learned spatial gating before correlation aggrega-
tion, reducing the contribution of unstable regions while re-
taining informative relationships among feature responses.
Matrix square-root normalization [23] is then used to stabi-
lize the resulting representation.
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Figure 1. Overview of SGCA-Net. The input is a polar BEV radar image, with azimuth and range as image axes.

The image is processed

by a stem block and residual backbone stages that reduce spatial resolution while increasing feature channels. The resulting feature map
is passed to the SGCA block, which performs residual downsampling, keep-and-dustbin selection, feature-correlation aggregation, power

normalization, and vectorization to produce a global descriptor.

3. Methodology

SGCA-Net is a deep metric learning framework for spin-
ning FMCW radar place recognition. Given a polar radar
image X € RH*XWX1 the network extracts a dense fea-
ture map using a rotation-robust radar backbone and con-
verts it into a compact global descriptor through the pro-
posed SGCA pooling module, as illustrated in Fig. 1. The
complete descriptor extraction pipeline is expressed as d =
f(X) =¥ (®(X)), where ®(-) denotes the backbone, ¥(-)
denotes the SGCA module, and d € RP is the final descrip-
tor. The network is trained end-to-end with a rotation-robust
metric learning objective, described in Sec. 3.3

3.1. Radar Polar Image Backbone

The backbone converts the range-azimuth radar scan
X € REXWX1 into a dense feature map for SGCA (shown
in Fig. 1). It consists of a convolutional stem, four residual
stages, and a top-down fusion block. We denote a cylindri-
cally padded k x k 2D convolution with stride s by Cy, s (),
batch normalization by B(-), ReLU by o (), and transposed
convolution by T, s (+).

Since spinning radar measurements are periodic in az-
imuth, conventional zero padding introduces an artificial
discontinuity at the 0° and 360° boundaries. We there-
fore apply cylindrical padding along the azimuth dimension
while retaining zero padding along range:

X(r,c+ W), ¢<0,
X(r,¢) = { X(r,c), 0<e<W, (1)
X(r,ce—W), c¢>W.

This allows convolutional kernels near the azimuth bound-
ary to operate on physically continuous neighbourhoods,

improving robustness to heading-induced circular shifts.
The stem applies a 5 x 5 stride-2 convolution, batch nor-
malization, and ReLU, giving Fy = 0(B(C5,2(X))), where
Fo € R2X%2 %32 The stem output is processed by four
residual stages. Each residual block contains two 3 x 3 con-
volutions and a shortcut connection, as shown in bottom
right of Fig. 1. For an input feature map U, the residual
mapping is

)

and the block outputis Y = o(R(U) + S(U)), where

U
S0 = {Bwuw

R(U) = B(C3,1 (¢ (B(Cs,4(U (2

if dimensions are unchanged,

)), otherwise.
3)
The projection shortcut is used when spatial downsam-
pling or channel expansion is required. The four stages pro-
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The fusion block combines the deepest feature map with
the intermediate feature map F's. The deepest feature is pro-
jected and upsampled as

f)3:7-22 PSER%X%X%Q

(C1,1(F4)), )

The lateral feature is projected as Ly = C; 1(F3), with
L; € R16% 16 X256 The fused backbone output is
F c R16%16%256

F = P3+L37 (6)



This fused tensor is passed to the SGCA module to form the
final global descriptor. For notational simplicity, we define
the spatial dimensions of the fused backbone feature map as
h = H/16 and w = W/16, such that F € R">wx256,

3.2. Spatially Gated Correlation Aggregation

The fused backbone output F € R?*w*256 jg first pro-
jected into a compact feature space for descriptor construc-
tion. Let Ps(-), P1(-), and Pa(-) denote 1 x 1 projection
convolutions, and let p(-) denote the GELU activation. The
projected feature map Z € R***64 5 computed as

Z = B(Ps(F)) + B(P2(p(B(P.(F))))) . (D

This residual bottleneck reduces the channel dimension
from 256 to 64 while preserving backbone information
through the residual branch, producing a feature basis tai-
lored for descriptor formation.

A learned keep/dustbin gate then estimates the spatial
importance of each projected local feature. A 1 x 1 con-
volution predicts two logits at every spatial location,

Q=6(Z), QeRMw*2 (8)

where G(-) denotes the gate projection. Applying a soft-
max over the two channels yields the keep probability o
for each flattened spatial location. These probabilities are
normalized across the K = hw spatial locations to obtain
the spatial weights:

_ Q;
- K
Dim1

The resulting weights increase the contribution of infor-
mative radar regions while reducing the influence of un-
stable or ambiguous responses. The ungated variant is
recovered by setting a; = 1/K. The projected feature

map is then flattened into local descriptors {z; }fil, where

K
a; Q; > 0, ZCLJ‘ =1. (9)
j=1

z; € R%. The weighted feature mean is p = Efil a;jz;,
and the spatially weighted feature-correlation representa-
tion is computed as

K
S=) aj(z;—p)(z;—w'. (10)
j=1

Although Eq. (10) is mathematically a weighted covari-
ance matrix, its entries capture pairwise relationships be-
tween projected feature channels and therefore preserve co-
occurrence structure that is discarded by first-order pool-
ing. The spatial weighting further limits the contribution
of unstable radar regions to the resulting representation.
The weighted covariance matrix also has a useful structural
property for subsequent matrix normalization.

Proposition 1. If a; > 0 for all j and 3} a; = 1,
then the matrix 3 defined in Eq. (10) is symmetric positive
semidefinite.

Proof. Symmetry follows directly from Eq. (10). For any
vector v € R,

N
viZv = Zaj [VT(zj - u)]z >0,
j=1

since a; > 0. Hence, X is positive semidefinite. O

This property enables stable matrix-function normaliza-
tion. To improve numerical conditioning, trace normaliza-
tion is first applied as t = max(tr(X),¢) and & = X /1.
Matrix square-root normalization is then computed using
the Newton—Schulz iteration [23], and the normalized ma-
trix is rescaled as Ml = X1/2/¢. The final global descriptor
is obtained by vectorizing the upper-triangular entries,

d = vecu(M). (11)

Since M € R64%64 i symmetric, vectorizing its upper-
triangular entries produces a D = 2080-dimensional global
descriptor.

3.3. Rotation-Robust Triplet Loss

To improve robustness to heading variation, each train-
ing scan is circularly shifted along the azimuth axis be-
fore descriptor extraction. Let Qs(-) denote an azimuthal
roll by §, where ¢ is sampled uniformly over rotations up
to 180°. For training sample ¢, the descriptor is therefore
d; = f(9s,(X;)). For each anchor i in a mini-batch,
batch-hard mining selects the hardest positive and hardest
negative:

* = d —d * in Id, —d, .
P; argpglgg)llz pll2, 7 argngl&r(li)llz nll2

12)
The training objective is
1
Liriplet = Al Z [lldi = dp: |2 = [|di = duz [l +m] , ,
i€A
13)

where A denotes the set of anchors in the mini-batch, P(7)
and N (7) are the positive and negative sets for anchor 4,
[z]+ = max(0, ), and m = 0.2 is the triplet margin.

4. Experimental Setup

Dataset and Evaluation Environments. We evalu-
ate SGCA-Net on the MulRan dataset [12], which pro-
vides 360° radar measurements collected using a Navtech
CIR204-H FMCW radar with a maximum range of 200 m,
an angular resolution of 0.9°, and a radial resolution of
0.06 m. Each scan is represented as a polar image with



Table 1. Recall@1% Radar Place Recognition on the MulRan [

] evaluation sequences.

Sejong KAIST Riverside Mean
Method S5m 10m S5m 10m S5m 10m Sm 10m
Ring Key [20] 50.3 59.4 80.5 83.8 49.7 59.5 60.2 67.6
ScanContext [20] 86.8 87.9 93.5 94.6 67.1 77.2 82.5 86.6
VGG-16+NetVLAD [15] 78.9 93.8 88.9 93.7 61.3 834 76.4 90.3
RadarLoc [15] 92.9 98.8 95.9 98.8 74.4 92.3 87.7 96.6
SGCA-Net (Ours) 97.4 99.9 97.5 99.2 78.9 95.2 91.3 98.1
400 azimuth bins and 3,360 range bins and is downsam- O RadarLoc © SGCA-Net
pled to 384 x 128 pixels following [I5]. Evaluation is . 04 i1 8
conducted across the Sejong, KAIST, and Riverside envi- 8 +7-7pp +24pp +ddlpp +4.8pp
ronments, which span urban, campus, and open-road con- @ 713 85.5 513 714
ditions with varying scene structure, traffic, and landmark =
density. . . ;3 06 83.1 472 66.6
Training and Evaluation Protocol. We follow the train- : |_|
. cvatuatior : U o [ [
ing and evaluation splits introduced in [15]. Training uses . ; ;
Sejong KAIST Riverside  Mean

predefined regions from the Sejong 01 and 02 traversals,
yielding 13,611 radar scans after pre-processing. Evalua-
tion is conducted on geographically disjoint regions from
Sejong, KAIST, and Riverside, using traversal 02 as the
reference database and traversal 01 as the query sequence.
This results in 1,366/1,337 database/query scans for Sejong,
3,209/3,420 for KAIST, and 2,117/2,043 for Riverside.
Evaluation Metric. Performance is measured using Re-
call@l (R@1). For each query, database scans are ranked
by Euclidean distance between global descriptors, and re-
trieval is considered correct when the top-ranked scan lies
within a specified distance of the ground-truth position. We
report R@1 at 5m and 10m for comparison with prior
work, and additionally at 3 m to assess finer place discrim-
ination. Results are reported for each environment and as
their unweighted mean.

Implementation Details. SGCA-Net is implemented in
PyTorch and trained using AdamW with an initial learn-
ing rate of 1 x 10~* and a batch size of 256. A step-based
learning-rate schedule and random erasing are used during
training. Unless otherwise stated, all compared variants use
the same training data, optimization settings, and evaluation
protocol.

S. Results
5.1. Comparison with Existing Methods

We compare SGCA-Net with representative hand-
crafted and learned radar place recognition methods
evaluated under the same MulRan protocol. Ring
Key [20] is a compact, rotation-invariant summary de-
rived from ScanContext, whereas ScanContext [20] re-
tains the full hand-crafted polar representation and ac-
counts for heading changes through circular alignment.

Figure 2. R@1 at the stricter 3m localization threshold. Values
above the bars report R@1, while annotations show the absolute
improvement of SGCA-Net over RadarLoc in percentage points.

VGG-16+NetVLAD [15] combines a comparatively large
general-purpose convolutional backbone with learned
VLAD aggregation. RadarLoc [15] instead uses a compact
radar-specific convolutional backbone followed by GeM
pooling. Although more recent radar place recognition
methods have been proposed, many use different sensor
configurations, datasets, or evaluation protocols; we there-
fore use the methods reported under this common bench-
mark for direct comparison. Tab. | reports Recall@1 at the
standard 5 m and 10 m thresholds.

SGCA-Net achieves the highest R@1 on every sequence
and at both localization thresholds. Compared with Radar-
Loc, the mean R@1 increases from 87.7% to 91.3% at
Sm and from 96.6% to 98.1% at 10m. SGCA-Net also
substantially outperforms VGG-16+NetVLAD despite us-
ing a smaller backbone. This suggests that the improvement
is not obtained through backbone capacity, but through
rotation-robust feature extraction and SGCA representation.
The sequence-wise gains remain consistent across different
operating conditions. On Sejong, SGCA-Net improves the
5m Recall@1 from 92.9% to 97.4% despite changes be-
tween dense urban and highway-like sections. On KAIST,
performance increases from 95.9% to 97.5% in the presence
of repeated campus layouts. The improvement is also main-
tained on Riverside, where sparse persistent landmarks and
repetitive geometry make place discrimination more diffi-
cult: R@1 increases from 74.4% to 78.9% at 5 m and from
92.3% t0 95.2% at 10 m.

We additionally evaluate performance at the stricter 3 m



Table 2. Ablation study of the proposed SGCA block on MulRan. Entries report R@1% at 3m, Sm, and 10 m. Mean is computed across
the Sejong, KAIST, and Riverside sequences. The full SGCA-Net configuration is highlighted.

Sejong KAIST Riverside Mean
Method 3m S5m 10m 3m S5Sm I1I0m 3m S5Sm 10m 3m S5Sm 10m
SGCA-Net w/ GeM pooling 69.6 930 988 83.1 958 988 472 743 923 66.6 877 96.6
SGCA-Net w/o gate 739 955 995 842 965 989 501 76.1 943 694 894 976
SGCA-Net w/ standard projection  75.0 963 995 84.0 96,6 990 495 775 942 695 90.1 97.6
SGCA-Net 773 974 999 855 975 992 513 789 952 714 913 98.1

threshold, as shown in Fig. 2. Since this threshold was
not reported in the original RadarLoc study, we repro-
duce the RadarLoc results using its public implementation.
SGCA-Net improves R@1 across all three evaluation en-
vironments, with gains of 7.7%, 2.4%, and 4.1% on Se-
jong, KAIST, and Riverside, respectively. Overall, the mean
R@1 increases from 66.6% to 71.4%. These results show
that SGCA-Net provides reliable discrimination when geo-
graphically close places produce similar radar observations.

5.2. Ablation Analysis

We analyse the contribution of the SGCA-Net compo-
nents and evaluate robustness to heading variation.

SGCA-Net Component Ablation. We conduct an abla-
tion study to quantify the contribution of each SGCA-Net
component, as reported in Tab. 2. The GeM variant re-
places the SGCA block with generalized mean pooling [21],
a widely used global aggregation method also adopted by
RadarLoc. This variant highlights the effect of replacing
GeM with SGCA while retaining the same radar-specific
backbone and training configuration. The ungated vari-
ant retains feature-correlation aggregation but assigns uni-
form weights to all feature-map locations. The standard-
projection variant includes the learned keep/dustbin gate but
replaces the residual bottleneck projection with a single pro-
jection layer. All variants use the same training data, opti-
mization settings, and evaluation protocol.

Replacing GeM pooling with ungated feature-correlation
aggregation increases the mean R@1 from 66.6% to 69.4%
at 3m, from 87.7% to 89.4% at 5m, and from 96.6% to
97.6% at 10m. These results demonstrate the benefit of
modelling feature correlations even when all feature-map
locations are weighted uniformly. Adding the keep/dustbin
gate and residual bottleneck projection yields further im-
provements. The complete SGCA-Net achieves the highest
mean R@1 at all thresholds, reaching 71.4%, 91.3%, and
98.1% at 3m, Sm, and 10 m, respectively.

Robustness to Heading Variation. We evaluate SGCA-
Net under random query rotations of up to 180°, following
the rotation-enabled setting used by RadarLoc. As reported

Table 3. Mean R@ 1% under random query rotations of up to 180°.

Method 3m Sm 10m
RadarLoc 659 874 96.5
SGCA-Net 70.6 91.1 98.1

Table 4. Transfer evaluation on the HeRCULES [25] spinning-
radar splits used in [ 1 6]. Both methods are trained only on MulRan
and evaluated without fine-tuning. AR@1 denotes the mean R@1
across the four session pairs.

Sports Complex
v NG NG

Library

a Vs a Ve
Method > N\ S AR@I
RadarLoc [15] 0.965 0.938 0.989 0.867 0.940

SGCA-Net 0986 0973 0.993 0.880 0.958

in Tab. 3, SGCA-Net improves the mean R@1 over Radar-
Loc from 65.9% to 70.6% at 3m, from 87.4% to 91.1%
at 5m, and from 96.5% to 98.1% at 10 m. The consistent
improvements show that the SGCA components strengthen
place discrimination while retaining robustness to substan-
tial heading changes.

5.3. Transfer to Unseen Radar Environments

Generalization to unseen environments remains a chal-
lenge for place recognition, with prior work investigating
test-time adaptation to compensate for domain shift [24].
Here, we instead examine whether the representation
learned by SGCA-Net transfers beyond the MulRan train-
ing environments without adaptation or fine-tuning. trans-
fers beyond the MulRan training environments. Following
the spinning radar evaluation protocol used in [16], SGCA-
Net is trained only on MulRan and evaluated without fine-
tuning on the Sports Complex and Library sequences of
HeRCULES [25]. RadarLoc [15] is evaluated under the
same setting to provide a consistent reference. The ses-
sion pairs include clear-to-night/cloudy and clear-to-snowy
changes. We report R@1 for each pair, while AR@]1 de-
notes the mean R@1 across all four pairs.

As shown in Tab. 4, SGCA-Net outperforms RadarLoc
on all four HERCULES session pairs and increases AR@1



Query

Revisit &
Ground truth i

RadarLoc

SGCA-Net

Broad curved

Asymmetric
returns structure

Open-layout
ambiguity

Figure 3. Representative retrieval results under the 3 m criterion.
For each case, the rows show the query, the ground-truth revisit,
and the top-ranked results from RadarLoc and SGCA-Net. Green
and red borders denote correct and incorrect retrievals, respec-
tively. RadarLoc is confused by structurally similar alternatives,
whereas SGCA-Net retrieves the correct revisit.

from 0.940 to 0.958. The largest improvement occurs on
Sports Complex 01—03, where R@1 increases from 0.938
to 0.973. These results suggest that the representation
learned by SGCA-Net retains its advantage when trans-
ferred to previously unseen environments and conditions
without additional fine-tuning.

5.4. Qualitative Analysis

Fig. 3 presents representative Sejong examples for which
RadarLoc returns an incorrect top-ranked match, whereas
SGCA-Net identifies the correct place under the 3 m cri-
terion. The selected cases include broad curved returns,
asymmetric scene structure, and open-road environments
with limited distinctive landmarks. In each case, geograph-
ically different locations produce similar overall radar-
response distributions, making them difficult to distinguish
using conventional global aggregation.

SGCA-Net correctly recognizes all three places, suggest-
ing that spatially gated feature-correlation aggregation pre-
serves scene relationships that help distinguish structurally
similar observations. These examples are consistent with
the improvements observed at the stricter 3 m threshold,
where accurate recognition requires finer discrimination be-
tween nearby and visually similar places.

6. Conclusion and Future Work

This paper introduced SGCA-Net, a spinning radar place
recognition framework that combines rotation-robust fea-
ture extraction with spatially gated feature-correlation ag-
gregation. By modelling pairwise relationships among
radar features while reducing the influence of unstable and

ambiguous regions, SGCA-Net provides a more discrim-
inative global representation than conventional first-order
aggregation. Experiments on MulRan demonstrate consis-
tent improvements over representative RPR methods across
diverse environments and under substantial heading varia-
tion. Evaluation on HeRCULES further demonstrates that
SGCA-Net generalizes to unseen environments and radar
sensors without fine-tuning. Future work will investigate
more computationally efficient feature-correlation repre-
sentations and extend the evaluation to additional radar sen-
sors, datasets, and long-term environmental changes. We
also plan to explore uncertainty-aware spatial weighting to
better account for transient and unreliable radar responses.
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