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ABSTRACT

Maritime vehicles face significant positioning challenges under adverse weather conditions where visual and laser
SLAM systems suffer from severe degradation. Millimeter-wave radar offers inherent robustness to weather interference,
yet single-band radar cannot simultaneously achieve accurate translation and robust attitude estimation.This paper pro-
poses a complementary fusion framework for multi-band radar odometry.This system leverages W-band radar (CFEAR)
for reliable translation estimation and combines it with X-band radar (LodeStar) to improve rotational estimation ro-
bustness. The main innovations are as follows:(1) A complementary fusion framework exploiting the complementary
characteristics of W-band and X-band radar; (2) A quality-aware adaptive weighting mechanism dynamically computing
fusion weights based on sensor data quality assessment; (3) A consistency gating mechanism monitoring inter-sensor
agreement and activating protective measures during sensor degradation.Experiments on the MOANA maritime dataset
demonstrate that the proposed method achieves stable and reliable local motion estimation, reaching an RTE RMSE of
1.67 m on the Near-Port sequence.

1 Introduction vide accurate short-range estimation but degrade at long
distances, whereas low-frequency radars offer extended
range but limited spatial precision [10]. Second, existing
methods often rely on single-modality or loosely coupled

fusion, underutilizing cross-band complementarity. Third,

Robust localization and mapping in maritime environ-
ments remains a critical challenge for autonomous navi-
gation systems. Under adverse conditions such as heavy

rain, fog, sea clutter, and dynamic platform motion, reli-
able ego-localization is essential for navigation safety and
mission reliability [1]. However, conventional perception
systems degrade significantly in such scenarios. Visual
SLAM methods are sensitive to illumination changes and
texture scarcity, leading to unstable feature tracking and
drift [2,3], while LIDAR-based approaches are affected by
scattering, attenuation, and water surface reflections, re-
sulting in reduced measurement reliability [4].

Radar-based SLAM has recently emerged as a promis-
ing solution due to its robustness to adverse weather and
long-range sensing capability. Methods such as CFEAR
achieve LiDAR-level odometry accuracy through conser-
vative filtering and geometric registration [5, 6], while
LodeStar improves rotational estimation in maritime radar
imagery via radial descriptors [7]. Furthermore, multi-
sensor fusion approaches (e.g., radar-inertial and radar-
vision SLAM) demonstrate that complementary sensing
can enhance robustness [8,9].

Despite these advances, three key limitations remain.
First, single-band radar suffers from an inherent trade-off
between resolution and range: high-frequency radars pro-

fixed or heuristic fusion strategies lack adaptability to dy-
namic environmental changes and sensor degradation.

To address these issues, we propose a complementary
multi-band radar SLAM framework that tightly integrates
W-band and X-band radar. W-band radar is used for accu-
rate translation estimation via CFEAR, while X-band radar
provides robust attitude estimation through LodeStar. A
quality-aware adaptive weighting mechanism dynamically
adjusts sensor contributions, and a consistency gating strat-
egy ensures robustness under sensor degradation.

The main contributions are summarized as follows:

* We propose a complementary multi-band radar fu-
sion framework that tightly integrates W-band and
X-band radar, explicitly leveraging their distinct
sensing characteristics to overcome the inherent res-
olution-range trade-off in single-band radar SLAM.

* We develop a quality-aware adaptive weighting
strategy that dynamically adjusts the contribution of
each radar modality based on real-time estimation
confidence, enabling robust and flexible fusion un-
der varying environmental conditions.
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* We introduce a consistency gating mechanism that
monitors inter-sensor agreement and detects poten-
tial degradation, effectively suppressing unreliable
measurements and improving overall system stabil-
ity and long-term localization accuracy.

2 Related Work

2.1 Radar-based SLAM

Radar-based SLAM has emerged as a promising solu-
tion for robust localization in adverse environments due
to its resilience to weather and long-range sensing capa-
bility. Early works focused on adapting classical geo-
metric registration techniques to radar data. For instance,
Cen and Newman proposed scan matching methods tai-
lored for FMCW radar, demonstrating the feasibility of
radar odometry in large-scale outdoor environments [11].
Building on this, Barnes et al. introduced RadarSLAM,
which leverages probabilistic scan matching and loop clo-
sure to achieve globally consistent mapping using automo-
tive radar [12].

More recent approaches aim to improve robustness
and accuracy under noisy and sparse radar measurements.
The CFEAR framework introduces conservative filtering
and point-to-line registration to suppress spurious radar re-
turns, achieving LiDAR-level localization accuracy across
diverse environments [5,6]. In parallel, learning-based and
descriptor-based methods have been explored to address
the lack of discriminative features in radar data. For exam-
ple, Scan Context has been adapted to radar for loop detec-
tion, enabling efficient place recognition in large-scale sce-
narios [13]. More recently, LodeStar proposes a radial de-
scriptor tailored for maritime radar imagery, improving ro-
tational estimation stability in low-texture and near-binary
radar observations [7].

These methods demonstrate that radar can achieve
competitive performance compared to LiDAR and vision
in challenging environments. However, most existing radar
SLAM systems rely on a single radar modality, limiting
their ability to balance resolution, range, and robustness
across diverse operational conditions.

2.2 Multi-Sensor Fusion for SLAM

To overcome the limitations of individual sensors, multi-
sensor fusion has become a dominant trend in SLAM re-
search. Visual-inertial SLAM systems, such as VINS-
Mono, tightly couple camera and IMU measurements to
achieve accurate and drift-reduced state estimation [14].
Similarly, LiDAR-inertial systems such as LIO-SAM inte-
grate LiDAR odometry with IMU pre-integration and fac-
tor graph optimization, significantly improving robustness
in dynamic and large-scale environments [15].

In the radar domain, fusion approaches have also been
explored to enhance localization performance. Radar-
inertial SLAM methods integrate radar measurements with
IMU to compensate for motion distortion and improve

short-term state estimation [12]. Radar-vision fusion ap-
proaches further exploit complementary sensing charac-
teristics, where vision provides rich texture information
while radar ensures robustness under adverse weather con-
ditions [9]. These methods demonstrate that complemen-
tary sensing can significantly improve system performance
compared to single-modality approaches.

Nevertheless, existing fusion strategies are primarily
designed for heterogeneous sensors (e.g., vision—-IMU, Li-
DAR-IMU), while fusion within the radar domain remains
underexplored. In particular, the complementary charac-
teristics across different radar frequency bands have not
been fully exploited.

2.3 Multi-Band Radar and Maritime SLAM
Challenges

Recent advances in radar hardware have enabled the de-
ployment of multi-band radar systems, providing new op-
portunities for robust perception. High-frequency radars
(e.g., W-band) offer high spatial resolution and accurate
short-range measurements, whereas low-frequency radars
(e.g., X-band) provide long-range sensing and strong pene-
tration capability in adverse weather conditions [10]. This
complementary property suggests that multi-band radar fu-
sion has the potential to overcome the inherent limitations
of single-band systems.

At the same time, maritime environments introduce
additional challenges, including dynamic wave motion,
sparse structural features, strong reflections from water
surfaces, and rapidly changing environmental conditions.
Recent datasets such as MOANA highlight these chal-
lenges and demonstrate that existing radar SLAM methods
still suffer from degraded performance in long-range and
low-feature scenarios [10].

Despite the potential advantages of multi-band radar,
existing approaches either rely on single-band sensing or
adopt loosely coupled fusion strategies, which fail to fully
exploit cross-band complementarity. Moreover, current fu-
sion methods typically employ fixed weighting or heuristic
switching, lacking the ability to adapt to dynamically vary-
ing sensor quality and environmental conditions.

In summary, prior work has demonstrated strong
progress in radar SLAM and multi-sensor fusion. How-
ever, three key limitations remain: (1) single-band radar
systems cannot simultaneously achieve high-resolution
and long-range robustness; (2) cross-band radar fusion is
insufficiently explored; and (3) existing fusion strategies
lack adaptability and robustness under sensor degradation.
These limitations motivate the proposed complementary
multi-band radar fusion framework, which explicitly ex-
ploits cross-band characteristics through adaptive weight-
ing and consistency-aware gating mechanisms.
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Figure 1 The proposed Multi-Band Radar SLAM framework comprises three tightly coupled stages. (1) Front-end Processing (green):
W-band radar data is processed by CFEAR to produce relative pose changes (AT}) and heading changes (A¢j,), while X-band radar
data is processed by LodeStar to generate independent heading estimates (A@%,). (2) Adaptive Fusion and Consistency Gating (gray):
The adaptive fusion mechanism dynamically weights the contributions from both radar modalities based on real-time quality assess-
ment, while the consistency-aware gating module filters out physically inconsistent measurements to prevent error propagation. (3)
Mapping and Back-end Optimization (yellow): A factor graph optimizer integrates the gated radar odometry with GNSS constraints

and loop closure detections to produce globally consistent trajectory and map estimation.

3 Methodology

3.1 Overview for Multi-Band Radar Fusion

To address the degradation of single-modality radar odom-
etry in maritime environments, we design a complemen-
tary multi-band radar SLAM framework that explicitly ex-
ploits the heterogeneous characteristics of W-band and X-
band radar.

The system consists of three tightly coupled compo-
nents: (1) a dual-band radar frontend that produces com-
plementary motion estimates; (2) a quality-aware fusion
module that adaptively combines these estimates; (3) a
factor-graph backend integrating radar, GNSS, and op-
tional map constraints.

Given two radar odometry outputs at time k:

AT = (ARG, At), Ayl
where: ATy is the motion estimated by W-band radar
(CFEAR), A@/}fﬁ is the yaw increment from X-band radar
(LodeStar),
the goal is to estimate a robust fused motion:

AT{ = (Ap], Aty)

that remains stable under noise, sparsity, and sensor
degradation.

3.2 Complementarity-Aware  Translation

and Attitude Decoupling

Due to the intrinsic frequency-dependent sensing char-
acteristics, W-band radar provides high-resolution short-
range measurements, while X-band radar offers stable
long-range structural cues. Instead of treating both sen-
sors symmetrically, we explicitly decouple translation and
rotation estimation.

Translation Estimation. Translation is directly taken
from W-band radar:

Aty = At§ (D

This choice avoids introducing large-scale drift from
X-band radar, whose coarse resolution leads to unreliable
displacement estimation.

Attitude Estimation. For rotation, we combine both
sources:

AG] = (1 — ap) AY§ + ap Av )

where: Ay, is the yaw increment derived from AR,
Ayt is the LodeStar rotation, ay, € [0,1] is the fusion
weight.

This formulation can be interpreted as a convex com-
bination that biases toward the more reliable sensor at each
time step.

The global yaw is then recursively integrated:

Yk = Prp—1+ AW: 3)

ensuring temporal consistency.

3.3 Quality-Aware Adaptive Fusion Mecha-
nism

A key challenge is that radar performance varies signifi-
cantly with environment (e.g., sea clutter, sparsity). Fixed
fusion weights fail to adapt to such dynamics. Therefore,
we introduce a quality-driven weighting scheme.

Each sensor produces a confidence score:

g €10,1], 4} €[0,1]

where: qf reflects registration residual consistency in
CFEAR, qf€ measures peak sharpness in LodeStar correla-
tion.

To balance the two sources, we define:

l
L 4
ap = Chp <M, Omin, amax) (4)
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where: A balances the relative scale between two qual-
ity metrics, Qumin, max prevent extreme dominance.

This formulation follows a normalized confidence ra-
tio: when X-band quality ¢! increases, o, grows, giving
more weight to Awfc. Conversely, when W-band is more
reliable, o, decreases.

The clipping operation ensures numerical stability and
prevents abrupt switching.

3.4 Consistency-Aware Gating for Degener-
ation Suppression

Even with adaptive weighting, severe sensor failures may
still introduce outliers. To mitigate this, we introduce an
inter-sensor consistency constraint.

We define the rotational discrepancy:

o = |AYy — Ay 5)

If §;, exceeds a threshold Ty, the two sensors are con-
sidered inconsistent. In such cases, blindly trusting the
adaptive weight may amplify errors.

Therefore, we enforce:

O — Qmin

when: §j, > 7y, and g, is low.

Additionally: if CFEAR degenerates (low inlier ratio),
we relax the upper bound a,ax, if LodeStar correlation is
ambiguous, we cap ay.

This mechanism effectively introduces a soft decision
boundary that suppresses unreliable measurements without
hard switching, preserving continuity.

3.5 Factor Graph Optimization with GNSS
and Map Constraints

To ensure global consistency, the fused odometry is inte-
grated into a factor graph framework.
We estimate the trajectory:

x = {20, Z1,...,Tn}
by minimizing:

" = arg min > lleotom (s, 2541) G,
i

+ D lleanss(@x)l13,
k
+ 70 (lerop(@m: 7))
+ > o (lemap(@s)13,,) 6)

where:

€odom (2, T;+1) encodes the fused radar motion
ATJ , egnss (T ) constrains absolute position from GNSS
(mandatory), ej,0p enforces loop closure consistency, emap

aligns poses to a prior map (optional), 2, are information
matrices representing confidence, p(-) is a robust kernel
(e.g., Huber) to suppress outliers.

GNSS Factor. The GNSS residual is defined as:

eonss(Tk) = Pk — Py @)

where py, is the estimated position and pg’NSS

surement.

This provides global drift correction, which is critical
in long-range maritime scenarios.

Map Matching Factor (Optional). When a prior map
is available, we define:

is the mea-

emap(Ts) = Ps — PLT ®)

which anchors the trajectory to known structures, im-
proving long-term consistency.

Overall, the backend integrates local radar accuracy
with global absolute constraints, forming a robust opti-
mization framework.

Beyond the formulation above, it is worth noting that
the proposed framework is designed to explicitly exploit
the complementary sensing characteristics across different
radar frequency bands. Rather than treating multiple sen-
sors in a symmetric manner, the system assigns distinct
roles to each modality, allowing translation and rotation to
be estimated through the most reliable source. This design
not only improves robustness under adverse maritime con-
ditions, but also provides a flexible foundation for extend-
ing the framework to additional sensing modalities such as
IMU or prior maps.

4 Experiments and Analysis

4.1 Experimental Datasets

Experiments are conducted on the MOANA (Multi-Radar
Dataset for Maritime Odometry and Autonomous Naviga-
tion Application) dataset. The MOANA dataset encom-
passes Port Sequences (Near Port, Outer Port) and Island
Sequences (Single Island, Twins Island, Complex Island,
Island Expedition, Seaside). In this work, experiments are
conducted on the 1 yearportsequence forvalidation.
Sensor configuration includes W-band radar (Navtech
RAS6, 76-77 GHz, 0.175 m resolution, 600 m range, 4
Hz), X-band radar (SIMRAD HALO4, 9.4-9.5 GHz, 2.44—
3.25 m/px resolution, 2498-3328 m range, 1 Hz), and
GNSS receiver (Hemisphere V500) for ground truth.

4.2 Evaluation Metrics

To quantitatively evaluate the localization performance,
we adopt standard trajectory-based metrics widely used
in SLAM, including Absolute Trajectory Error (ATE) and
Relative Translational Error (RTE). These metrics respec-
tively capture global consistency and local motion accu-
racy, which are both critical in large-scale maritime envi-
ronments.
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Before evaluation, the estimated trajectory is tempo-
rally synchronized and aligned to the reference trajectory
through a rigid transformation. Let P; € SE(2) denote
the ground-truth pose at time 4, and P, € SE(2) the cor-
responding estimated pose. The operator trans(-) extracts
the translational component of a pose, and N denotes the
total number of poses.

Absolute Trajectory Error (ATE).

ATE evaluates the global consistency of the estimated
trajectory with respect to the ground truth, and is particu-
larly sensitive to long-term drift. For each time step ¢, the
translational error is defined as

efTE = Htrans (P;llsi) H2, ©)]

which measures the deviation between the estimated pose
and the reference after alignment.

The overall ATE is computed as the root mean square
error (RMSE):

ATERMsE = (10)

A lower ATE indicates better global consistency of the tra-
jectory.

Relative Translational Error (RTE).

While ATE reflects accumulated drift, it does not fully
capture local motion accuracy. To address this, we addi-
tionally evaluate the Relative Translational Error (RTE),
which measures short-term consistency over a fixed inter-
val A,

The relative pose error between two time steps ¢ and
i+ A is defined as

Ei= (P 'Piya)  (P/'Pia). (D)

The translational component of this error is then given
by
eXTE = ||trans(E;)|, (12)

which reflects the discrepancy between the estimated and
ground-truth motion over the interval.

The RMSE over all valid pairs (M = N — A) is com-
puted as

eRTE)?, (13)

K3

RTEgrMmsE =

Compared to ATE, RTE is less sensitive to global align-
ment and better reflects short-term drift behavior.

RMSE (General Form).
For completeness, given a sequence of errors {e; }, the
root mean square error is defined as

(14)

This metric provides a unified way to summarize the
magnitude of estimation errors.

4.3 Main Results

MOANA 1_Near _Port: GT vs MRGF usegps aligned trajectory
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Figure 2 Trajectory comparison on the Near-Port sequence.

Figure 3 The mapping result of MRGF on Near-Port sequence.

Figure 2 illustrates the trajectory comparison between the
proposed method and the ground truth on the Near-Port
sequence. The estimated trajectory generally follows the
overall shape of the reference path, indicating that the pro-
posed framework is capable of maintaining stable localiza-
tion in a large-scale maritime environment.
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From the figure, it can be observed that the alignment
between the two trajectories is relatively consistent along
most segments, especially in the early and middle portions
of the sequence. However, noticeable deviations appear
in certain regions, particularly in areas with sharp turns or
sparse structural features. These discrepancies suggest that
while the proposed method achieves reliable local motion
estimation, small errors may accumulate over time, lead-
ing to observable global drift. This phenomenon is com-
mon in radar-based SLAM systems operating in environ-
ments with limited geometric constraints and strong mea-
surement noise.

Table 1 Relative trajectory error (RTE) on the Near-Port se-
quence of the MOANA dataset.

Method RTE mean (m) RTE RMSE (m) RTE std (m)
Fusion (Ours) 0.66 1.67 1.53

Table 1 provides a quantitative evaluation of the pro-
posed method in terms of relative trajectory error (RTE),
which reflects the short-term motion consistency of the
system. The results show that the proposed fusion frame-
work achieves an RTE mean of 0.66 m and an RTE RMSE
of 1.67 m, indicating that the system maintains relatively
accurate local motion estimation over consecutive frames.

The moderate standard deviation (1.53 m) further sug-
gests that the estimation remains stable without signifi-
cant outliers, which can be attributed to the adaptive fu-
sion strategy and the consistency-aware gating mechanism.
These components effectively suppress unreliable mea-
surements and prevent abrupt error propagation, especially
under challenging maritime conditions.

Overall, the quantitative results are consistent with the
qualitative observations in Fig. 2. While global devia-
tions are still present due to long-term drift, the relatively
low RTE demonstrates that the proposed method maintains
strong local motion consistency. This behavior is particu-
larly important for SLAM systems operating in large-scale
and weakly constrained maritime environments.

4.4 Ablation and Analysis

Table 2 Relative trajectory error(RTE) on the nearport series of
the MOANA dataset.

Method RTE mean (m) RTE RMSE (m) RTE std (m)
CFEAR only 1.43 3.08 2.73
LodeStar only 0.99 0.85 1.30
Fusion 0.66 1.67 1.53

In Table 2, the results highlight the complementary char-
acteristics of the two radar modalities. The CFEAR-only
method exhibits relatively large errors (RTE RMSE = 3.08
m), indicating sensitivity to sparse structures and dynamic
sea clutter. In contrast, the LodeStar-only method achieves

lower RMSE (0.85 m), demonstrating strong rotational sta-
bility, but shows higher mean error and variance in certain
segments, suggesting less consistent translation estimation
due to the limited spatial resolution of X-band radar.

The proposed fusion method achieves a balanced per-
formance, with an RTE RMSE of 1.67 m and a reduced
mean error of 0.66 m. Although its RMSE is higher than
that of LodeStar-only, the fusion approach provides more
consistent and stable motion estimation by combining re-
liable translation from W-band radar with robust rotation
from X-band radar.

These results indicate that the proposed method im-
proves the stability and consistency of odometry, rather
than optimizing a single metric, which is particularly im-
portant for long-term SLAM in challenging maritime envi-
ronments.

In addition, the experimental results demonstrate that
the proposed framework maintains stable performance
under challenging maritime conditions, including sparse
structural features, dynamic sea clutter, and long-range
sensing scenarios. By leveraging complementary radar
modalities, the system can effectively reduce estimation
instability caused by environmental degradation, enabling
more reliable odometry for long-term navigation tasks.
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6 Conclusion

This paper presents a complementary multi-band radar
SLAM framework for robust maritime localization. By
fusing W-band and X-band radar, the method leverages
their complementary characteristics to mitigate the limi-
tations of single-band systems. A quality-aware adaptive
weighting strategy and a consistency gating mechanism
further enhance robustness under sensor degradation.

Experimental results on the MOANA dataset show that
the proposed method achieves stable and reliable local mo-
tion estimation, with an RTE RMSE of 1.67 m on the Near-
Port sequence, demonstrating its effectiveness in maintain-
ing consistent odometry performance in challenging mar-
itime environments.Future work will explore tighter in-
tegration with inertial sensing and improving robustness
and accuracy across additional sequences of the MOANA
dataset.
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