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Abstract— This paper introduces Dr-PoGO, a method for
Simultaneous Localization And Mapping (SLAM) using a
2D spinning radar. Unlike cameras or lidars that require
line-of-sight, millimetre-wave radars can ‘see’ through dust,
falling snow, rain, etc. Accordingly, it is a great modality
for robust perception regardless of the weather conditions.
While most existing radar-based SLAM methods rely on the
extraction of point clouds or features to perform ego-motion
estimation, Dr-PoGO leverages direct registration techniques
for odometry (DRO) and loop-closure registration. An off-
the-shelf radar-focused place recognition algorithm, RaPlace,
provides loop-closure candidates. As RaPlace does not provide
relative transformations, Dr-PoGO introduces a coarse-to-fine
registration that uses visual features and descriptors to obtain
an initial guess for the direct transformation refinement. The
global trajectory is optimized in a pose-graph optimization. Dr-
PoGO demonstrates state-of-the-art performance over 300 km
of data in various real-world automeotive environments. Our
implementation is publicly available: https://github.com/
utiasASRL/dr_pogo.

I. INTRODUCTION

At the forefront of any autonomous stack, robust percep-
tion and state estimation are required to guarantee reliable
robotic operations regardless of the environment and weather
conditions. Radar-based sensing was the core of early
landmark-based Simultaneous Localization And Mapping
(SLAM) works [1]. With the popularization of millimetre-
wave radars in the automotive industry for advanced driver
assistance systems, there has been a renewed interest in
this modality among the robotics community [2]. While
radar data are generally less accurate than lidar, they can
‘see’ through dust, smoke, heavy precipitation, etc., provid-
ing the required robustness for all-weather navigation [3].
This paper introduces Direct Radar Pose-Graph Optimization
(Dr-PoGO), a method for 2D trajectory estimation using
Frequency-Modulated Continuous-Wave (FMCW) radars.

Radar-based state estimation is commonly performed by
first extracting point clouds or features from the raw data
before leveraging ICP-like registration techniques. While
lightening the computational burden, the feature extraction
process disregards a non-negligible amount of information
originally contained in the raw data. Direct Radar Odometry
(DRO) [4] demonstrated superior accuracy by performing di-
rect scan-to-local-map registration through continuous cross-
correlation using all the scan’s information. In this work, we
leverage DRO for odometry before full trajectory optimiza-
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(a) Radar-inertial-lidar-visual automotive collection platform

(b) Raw radar polar image (c) Cartesian image

Fig. 1. Dr-PoGO performs SLAM using 2D radar data. It is validated
with 225 km of real-world data. (a) is the platform used to record data (in
front of the Skyway environment). (b) and (c) are a sample of radar data
in polar and Cartesian forms, respectively.

tion, and we extend the use of direct methods to local-map-
to-local-map registration.

Whether it is exteroceptive or proprioceptive-based, or
both, odometry is bound to drift due to sensor noise, outlier
associations, numerical precision, etc. Pose-graph optimiza-
tion provides a way to correct for the accumulated drift by
explicitly integrating loop closures in a global optimization
that estimates the whole system’s trajectory, not only the
current pose. Accordingly, loop-closure detection, detecting
when the robot revisits previously observed areas, has been
a strong focus to improve state estimation accuracy. Radar-
based perception is no exception, and multiple works have
addressed this problem. Dr-PoGO leverages RaPlace [5] to
detect loop closures by matching together pairs of radar
local-maps built with DRO. Unfortunately, RaPlace does not
provide the metric relative transformation between matching
local maps. To address this gap, we extend DRO’s abilities
to perform local-map-to-local-map registration, as aforemen-
tioned. However, unlike in the odometry scenario, where con-
secutive scans are collected almost from the same location
and thus where the identity transformation is a sufficient
initial guess, potential loop-closure pairs can correspond
to quite different robot poses. Dr-PoGO extracts keypoints



and their associated descriptors to perform RANSAC-based
coarse registration before a refinement with a direct ap-
proach. The use of descriptor-based associations alleviates
the need for an initial guess.

This work (i) introduces a novel pipeline mixing feature-
based and direct methods for radar data registration without
initial guess; (ii) integrates direct odometry, loop-closure
detection, and registration in a radar SLAM formulation
built upon pose-graph optimization; (iii) demonstrates state-
of-the-art performance over more than 300km of public
and self-collected real-world data. Our platform and a data
sample are shown in Fig.1.

II. RELATED WORK

Radars used for robotics perception can generally be split
into two main categories: phased arrays for 3D/4D data
collection and mechanically spinning antennas for 360° 2D
sensing. As Dr-PoGO relies on the latter, this section focuses
on 2D radar methods and state estimation over the Special
Euclidean group in two dimensions (SE(2)). For more details
on 3D/4D radar perception, we invite the reader to refer
to [2], [6], and [7]. The data collected with FMCW 2D
spinning radars consist of polar images where each row
corresponds to an azimuth and each column to a different
range. As shown in Fig. 1, the data can be converted
into Cartesian images for visualization or processing. The
intensity of the pixels corresponds to the reflections of the
radar-emitted radio waves on elements of the environment.

Modern radar-based methods have mostly relied on the
extraction of point clouds or features from the raw data. Early
works used standard computer-vision keypoints and descrip-
tors [8] over Cartesian images [9]. Feature extractors such
as CFAR [10], K-strongest [11], or CFEAR [12] are used to
extract points for each azimuth from the polar images. The
authors of [13] evaluated the impact of feature extraction
on radar-based odometry [13]. It is important to note that
radar data is not collected as a snapshot. As the radar’s
antenna sweeps its radio-wave beam around (generally at
around 4 Hz), any motion of the robot will create motion
distortion in the collected scans. Atop the simple fact that the
sensor is physically at two different locations when collecting
two consecutive azimuths, the relative velocity between the
sensor and the environment leads to further distortion due
to the Doppler effect. These sources of distortion can be
accounted for in a ‘one-off’ undistortion step based on
previous state estimates, as in [12]. Another approach is to
use continuous-time state estimation to elegantly undistort
radar-extracted points at the same time as estimating the
platform’s ego-motion, such as [14], [15], and [16]). Other
methods leverage deep-learned features [17] or weights [18]
to robustify the scan registration process.

Another branch of radar-based works uses direct methods
for scan registration. The most common approach is to
compute cross-correlation scores between the current scan
and the previous one for a discrete set of potential state
updates The hypothesis with the largest score is used to
update the state. Works such as [19], [20], and [21] rely
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on this principle. Note that these methods do not model
motion distortion and the Doppler effect. The authors of [22]
used a radar with a triangular modulation pattern and demon-
strated that estimating the radial velocities from the observed
Doppler distortion provided a reliable source of odometry,
even in feature-deprived environments, when associated with
a yaw-gyroscope. Recently, [4] introduced DRO, the first
continuous direct method that rigorously accounts for motion
and Doppler distortions by maximizing a continuous cross-
correlation score between the current scan and a local map
that is updated ‘on-the-fly’.

Full-batch trajectory optimization with loop-closure con-
straints is a way to mitigate the inherent drift of odometry. In
its simplest form, the trajectory is estimated by optimizing
a pose graph where each link is a constraint on the relative
pose of the sensor at two different timestamps. Pose-graph
optimization is the backbone of radar SLAM works such
as [23], [24], and [25]. These rely on loop-closure detection
approaches originally designed for lidar data ([26], [27],
and [28], respectively). Dr-PoGO also builds upon a pose
graph for full-batch trajectory estimation, but it leverages
a radar-specific place-recognition algorithm: RaPlace [5].
RaPlace employs the Radon Transform over Cartesian radar
scans and Fast Fourier Transforms to compute rotation-
and translation-invariant scan descriptors. Loop candidates
are selected by thresholding the cross-correlation between
descriptors. To the best of our knowledge, Dr-PoGO is
the first radar-based SLAM framework built using direct
methods for relative pose estimation, both for odometry and
loop-closure constraints.

III. METHOD
A. Overview

Let us consider a 2D spinning FMCW radar rigidly
mounted to a ground robotic platform. The radar’s spinning
axis is orthogonal to the locally planar motion of the plat-
form. Optionally, a yaw gyroscope is also rigidly mounted to
the platform with its axis parallel to the radar’s spinning axis.
The proposed method, Dr-PoGO, estimates the trajectory of
the radar T7? € SE(2), withm = 1,--- , N and N the total
number of radar scans in a given sequence.

Fig. 2 shows the different blocks of Dr-PoGO. First, direct
radar odometry is performed with DRO [4]. The latter esti-
mates the system’s ego-motion ’i‘i’“ through radar-based
scan-to-local-map registration and updates the local map for
each registered scan. Dr-PoGO leverages both DRO’s scan-
to-scan motion estimates ’i‘i::“ and local maps M,,. Loop
closures are detected using RaPlace [5] between local maps
in Cartesian form. Succinctly, RaPlace computes the Radon
transform of each incoming scan (or local map) before eval-
uating its cross-correlation with past scans (or local maps). It
results in a set of matching scores, one per past scan (or local
map). Dr-PoGO selects the past local map with the highest
score to form a pair {M,, M;} that represents a potential
loop closure without thresholding the matching score. The
goal is to maximize the number of true-positive matches
that are carried to the next step. For each pair {M;, M;},



Dr-PoGO attempts local-map-to-local-map registration in a
coarse-to-fine manner as detailed in Sectlon III-B. Finally,
successful loop-closure transformations T  are integrated
in a pose-graph batch optlmlzatlon problem that estimates
the full trajectory S = {T%,,---, Ti¥}. The motivation
to perform Dr-PoGO using DRO’s on-the-fly local maps
instead of radar scans is their robustness to noise and to the
presence of dynamic objects in the environment. Built using
per-pixel low-pass filters, the local maps reliably capture
the static elements of the scene, thus enabling high-quality
loop-closure detection and registration in real-world driving
scenarios where inconsistent traffic can hinder scan-based
approaches.

B. Loop-closure direct registration

DRO [4] demonstrated that direct radar data registration
outperformed feature-based methods in terms of registration
accuracy. However, as DRO’s cross-correlation maximization
is not performed with a global solver, it requires a decent
initial guess to converge toward the true transformation
between two local maps. While it is easily obtained for
consecutive scan registration (odometry), this is not the case
for loop-closure registration due to the accumulated drift
along the sensor’s trajectory. Accordingly, Dr-PoGO first
uses a coarse feature-based registration step before refining
the relative pose estimate with a direct approach similar to
DRO’s.

1) Feature-based coarse registration: Given two local
maps M; and M, as Cartesian intensity images, SIFT
features and descriptors [8] are extracted independently in
both images. Using a brute-force matcher between the two
descriptor sets, a list of candidate matches is obtained.
The coarse transformation between M; and M; is esti-
mate through RANSAC-based [29] SE(2) registration. Note
that no motion-distortion and Doppler-shift corrections are
needed, as these are already accounted for during the local-
map generation in DRO. The number of inliers and a user-
defined threshold are used to reject unlikely loop closures.

2) Direct fine registration: To refine the aforementioned
coarse transformation, Dr-PoGO performs direct registration
via continuous cross-correlation maximization:

TZ = argmax Q(MmMj,TE), with
T,
(1)
M;(z,y),

X

gMi, M T =38 [ M, TV |y
1

xz and y some Cartesian coordinates in M, M,(z,y)
the local-map intensity at coordinates x,y, and
BM;, [ g 1]T) the bilinear interpolation of M;’s
intensity at coordinates Z,y. While being a good relative
metric for registration, the absolute cross-correlation value
g depends on the environment and the total ‘amount of
intensity’ in M. As illustrated in Fig. 3, g cannot be directly
thresholded to classify a potential loop-closure registration as
successful. Thus, Dr-PoGO applies a user-defined threshold
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~t.
Q(Miij»TtZ) .
: i ., M) to reject
unlikely loop closures. Intuitively, this score is a proxy for
the overlap ratio between the non-zero-intensity data in M;

and M. In our experiments, the threshold is 0.5.

over the scaled cross-correlation s =

C. Pose-graph optimization

After coarse-to-fine registration of loop-closure candi-
dates, the set of successful pairs £ and their associated
relative transformations T b are integrated in an SE(2) pose
graph as bmary factors w1th relative pose residuals:

| = Log ((T9) (T}, )T, ),

where Log converts an SE(2) matrix into its z-y-6 vector
representation. The DRO scan-to-scan estimates are used
to constrain consecutive poses with residuals r™*1. If a
gyroscope is used, DRO estimates angular velocity biases
b using a simple heuristic when the vehicle is stopped.
While improving over the scenario of no bias estimation,
these bias estimates do not leverage radar information. We
propose to integrate bias corrections of DRO’s biases in our

pose-graph optimization by modifying DRO’s scan-to-scan

2

poses as ’i‘i:“Tbm with
cos(¢) sin(¢) 0 3
T, = |—sin(¢) cos(¢) 0], ¢ = (bm — bm)AL.
0 0 1
In such a scenario, the state S to estimate is
{Tﬁ,,bl, e ,T’{/{}’,bN}. Eventually, Dr-PoGO’s pose-

graph optimization is

N—-1
§ = argmax 3 (i3 )+ > Il
i=1

{i,j}eL

with [|re||q, = rJ Qlr., Q. the covariance matrix asso-
ciated with r,, and the residual r,, = b; — b; 41 enforces
the slow varying nature of gyroscope biases via a Brownian
motion process. To accommodate the presence of outliers in
the loop-closure constraints, Dr-PoGO applies a Cauchy loss
function to the associated residuals.

IV. EXPERIMENTS
A. Implementation details

The original implementation of RaPlace computes the
Radon transform for every incoming scan and attempts detec-
tion by computing a similarity score between the current scan
and every previous frame. However, the Radon transform is
a slow operation (& 1s), and the O(N) matching strategy
does not scale to very long trajectories. To reduce the
computational load, we only perform the Radon transform
for keyframes and attempt loop-closure detection solely with
past keyframes that are within a certain radius of the current
estimate. To maximize the number of loop-closure detections
while allowing real-time operations, we dedicate one CPU
core to RaPlace computations. Accordingly, a local map is
considered to be a new keyframe only if, upon reception,
the RaPlace-dedicated CPU core has finished the previous
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Fig. 2. Block-diagram overview of Dr-PoGO. First, DRO processes the raw radar data (and optional yaw-gyroscope measurements) to generate per-scan
local maps and relative SE(2) transformations. Leveraging the local maps, RaPlace proposes loop-closure candidates that are later used for coarse-to-fine
registration. Finally, a pose-graph optimization estimates the whole trajectory with DRO’s relative poses and the refined loop-closure transformations.
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Fig. 3. Example of local-map registration. Alone, the cross-correlation
score g does not allow for discrimination between good and poor registra-
tions across all environments. The scaled score s is a better proxy as it is
less impacted by the scene’s average intensity return.

detection. For the match search, the radius is proportional to
the distance travelled using the typical maximum drift of the
odometry (arbitrarily set to 1 %).

Our coarse, feature-based alignment is performed using
OpenCV for feature extraction, matching (brute force), and
SE(2) registration. The native registration method also es- Fig. 4. Tllustration of the challenging conditions in Boreas-RT
timates the scale alongside the SE(2) transformation. If the
resulting scale differs from 1 (& 5 %), the pair of local maps
is rejected. The proposed fine registration extends DRO’s  quences.! With Boreas-RT, we leverage 4 sequences of each
GPU implementation using PyTorch. Note that an additional  of the following routes: Suburbs (7.9km), Industrial
coarse grid search around the estimate of the feature-based (5.4km), Skyway (11.1km), Forest (16.4km), and
alignment step is performed to further avoid unwanted local Farm (10.8km). Both the Suburbs and Skyway routes
minima. Finally, the whole trajectory is estimated via pose-  offer numerous opportunities for loop-closure detections as
graph optimization every time a new loop-closure detection the second half of each sequence corresponds to the same
is validated by the direct registration refinement. To ac- itinerary as the first half, but in the other direction. The
commodate long trajectory loops (which result in significant  other sequences form large loops with a fairly limited overlap
odometry drift), the optimization is performed once with a  between the beginning and end of the trajectories. As illus-
large scale for the Cauchy loss, then again with a smaller trated in Fig. 4, the selected environments span a wide range

(c) Forest (natural environment) (d) Farm (with dust)

one. of challenging driving conditions with snowstorms, weakly
structured environments, and natural scenes. Additionally,
B. Datasets, baselines, and metrics the Forest and Farm sequences are collected on uneven

1) Datasets: We have evaluated our method using both dirt roads, inducing significant roll and pitch of the vehicle.

the Boreas [30] and Boreas-RT [31] datasets. The former 2) Baselines: We benchmark Dr-PoGO against two re-
focuses on multi-season driving through a wide range of ~ Cent open-source radar SLAM implementations. The first
weather conditions on the same 8km suburban route over 15 Navtech-SLAM [32], which relies on ORORA [33] for
a year, while the latter is collected along various routes ©dometry, Scan Context [34] for loop-closure detection
with challenging roads and environments. Both have been ~ nd ICP for loop-closure registration. The second is TBV-
collected with an automotive platform equipped with a SLAM, with CFEAR-3 [12] as the odometry method and
Navtech RAS6 radar and a gyroscope, among other sensors. ~ S¢an Context [34] with CorAl [35] for loop-closure detec-
A notable difference is that the radar firmware used for

Boreas-RT has a triangular modulation pattern that enables 02' —20022—0174{—10177260731 _3(;25_81 31_23*818*01 33:34 04—}i 42 _02231*{(?;:22 g:lli:f 12,
Doppler velocity extraction, as shown in [22]. For the 5 13 7411 07-20-17-33, 09-02-11-42, 10-15-12-35.
evaluation with Boreas data, we randomly selected 13 se- 11-14-09-47, 11-23-14-27}.
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tion/validation. Note that these two methods also rely on a
pose-graph optimization for full-batch trajectory estimation.

3) Metrics: The Absolute Trajectory Error (ATE) is used
to evaluate the overall accuracy of Dr-PoGO and the dif-
ferent baselines for trajectory estimation. After aligning
the ground-truth trajectory and the estimated one with
SVD- based SE(2) registration, the ATE is computed as

\/ N e 1 ||”§;V pir||2, with Py the translation compo-

nent of T'. Since all the sequences finish close to the
starting location, we use the End-Pose Error (EPE) as a proxy
to assess the effectiveness of loop-closure constraints in each
method. The EPE is defined as the norm of the translation
component of (Tgf)ngT(Tﬁ,)l’i‘w

C. Trajectory error

1) Boreas dataset: Fig. 5 shows the per-sequence ATE
and EPE for Dr-PoGO, Navtech-SLAM and TBV-SLAM
on the Boreas dataset [30]. Dr-PoGO achieves the low-
est ATE, with an average of 0.82m and a maximum of
1.32m. In terms of EPE, Dr-PoGO also outperforms the
different baselines. TBV-SLAM attains moderate ATEs on
average (9.61m) but most sequences are between 2 and
3m ATE. There is a strong correlation between the ATE
and EPE in TBV-SLAM’s results, suggesting that the odom-
etry (CFEAR [12]) is fairly reliable, but occasional fail-
ures in loop-closure detection hinder the system’s global
performance. The presence of traffic in the data and the
conservative nature of CorAl [35] loop-closure validation
are possible explanations for missing loop closures. The
inconsistency in Navtech-SLAM’s results and the absence
of a clear correlation between ATE and EPE indicate a lack
of robustness both in the odometry (ORORA [33]) and the
loop-closure detection mechanism. Indeed, ORORA relies
on a feature-matching front end that is sensitive to sparse
or degraded radar scans, as it reduces both the number and
the spatial distribution of correspondences. This negatively
impacts the decoupled rotation estimates and subsequent
anisotropic translations.

Overall, we attribute Dr-PoGQO’s performance to a more
reliable odometry source (DRO [4]) and our coarse-to-fine
loop-closure registration and validation using local maps.
The use of local maps improves robustness in real-world
scenarios where dynamic elements, such as traffic, impede
scan-based operations. Additionally, using the local-map
scaled cross-correlation to validate or not a loop-closure
candidate provides more information than a descriptor-based
similarity score. Quantitative results of an ablation study in
Section IV-E support these claims.

2) Boreas-RT dataset: Unfortunately, when using radar
data collected with a triangular modulation pattern, the
odometry component of Navtech-SLAM fails. To obtain
quantitative results for Navtech-SLAM, we preprocessed the
radar data by removing the Doppler distortion based on the
ground-truth velocities. Table I presents both the average
ATE and EPE for each method in each environment. The
figures in this table only account for successful runs. Defin-
ing success by an ATE under 1% of the travelled distance,
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Fig. 5. Absolute Trajectory Error and End-Pose Error (log scale) for each
of the 13 sequences used for benchmarking Dr-PoGO and the baselines on
the Boreas dataset.

Navtech-SLAM and TBV-SLAM fail in some sequences.
Onmitting these, all the SLAM methods correct large odom-
etry drifts thanks to successful loop-closure detections in
Suburbs and Industrial environments, as shown by the
low EPE. As expected, the average EPE obtained with DRO
is large due to the absence of a loop-closure mechanism.
Thanks to DRO’s robustness, Dr-PoGO is the only SLAM
method to be successful on the highly challenging Skyway,
Forest, and Farm sequences.

When considering the ATE, the different approaches span
a wider range of results. Navtech-SLAM performs the worst.
As illustrated in Fig. 6, it suggests that ORORA odometry
introduces a drift/warp of the trajectory that is too large to
be fully corrected with loop-closure constraints. TBV-SLAM
performs well with the second-best results. The estimated
trajectories are more consistent with the true motion when
compared to Navtech-SLAM. Dr-PoGO significantly outper-
forms all the other methods with GPS-level ATE (< 5m)
throughout all setups. Comparing Dr-PoGO’s results (ATE
and EPE) with DRO’s demonstrates the soundness of our
approach and its ability to reach new levels of robust and
accurate trajectory estimation.

The trajectory accuracy displayed by Dr-PoGO rivals that
of lidar-based frameworks. To support that claim, we have
selected Fast-LIO2 [36] and 2Fast-2LLamaa [37] as lidar-
inertial baselines. These two frameworks do not perform
explicit loop closure but estimate their state in a scan-to-
map manner. Accordingly, for trajectories where the vehicle
retraces its way to the starting location, it can be seen as
loop-closure localization for every lidar scan. Unfortunately,
when the trajectory forms a large loop, these methods fail
due to odometry drift. Thus, we only benchmark Fast-LIO2
and 2Fast-2LLamaa on the Suburbs sequences and obtain



ATEs? of 13.82% and 2.26 m, respectively. Dr-PoGO offers
a four-fold improvement over the best lidar baseline.

D. Loop-closure detection and registration

In this section, we analyze the accuracy of the proposed
coarse-to-fine loop-closure registration on the three most
structured sequences of the Boreas-RT dataset. Fig. 7 shows
strip plots of the alignment errors for the 15 self-collected
sequences, and Table II provides numerical values per en-
vironment type: average per-sequence number of matches,
average number of inliers (position and rotation errors under
1.5m and 1°, respectively), position and rotation Root Mean
Squared Error (RMSE) for the inliers. The RMSE values sug-
gest that direct refinement significantly improves registration
accuracy for all sequence types compared to feature-based
alignment. One can see that after the coarse registration, there
is a large number of outliers. It is important to remember that
Dr-PoGO does not threshold RaPlace’s similarity score to
keep a maximum number of true-positive matches and pre-
vent having too many parameters to tune. Thus, it is normal
to find many outliers after the coarse registration step. When
applying the direct pose refinement with our proposed scaled-
cross-correlation score threshold, the number of outliers is
drastically reduced with a very limited impact on the number
of inliers, thus greatly improving the inlier ratio.

E. Ablation study

To provide insight into the impact of each component of
the proposed method, we have conducted an ablation study
using the Suburbs, Industrial, and Skyway sequences
of the Boreas-RT dataset. Table III shows the corresponding
ATEs and EPEs. Note that all variants share the same
parameters. The first observation is the importance of using a
gyroscope; without it, Dr-PoGO’s performance significantly
drops both in terms of ATE and EPE, and some failures
occur. It suggests that the accuracy of gyro-less odometry is
not sufficient to provide high-quality trajectory priors and,
thus, impedes loop-closure detections, leading to missing
or erroneous loop-closure constraints. Further analysis of
gyro-less operations is part of future work. When using a
gyroscope, the use of local maps (both for odometry and
loop-closure detection/registration) and the direct refinement
are Dr-PoGO’s most critical features. Not leveraging local
maps or relying solely on coarse loop-closure registration
results in errors up to four times higher. Finally, thanks to
the relatively high quality of the gyroscope present on our
data collection platform, the impact of gyroscope bias is
fairly limited. Accordingly, ignoring the bias does not have
a significant impact on Dr-PoGO’s overall performance.

FE. Computation time

Table IV shows the breakdown of Dr-PoGO’s computation
time using a laptop equipped with an Intel i7-13850HX CPU

2To convert the SE(3) estimates into SE(2), we first fit a plane to the
estimated trajectories and project all the poses on that plane.

3Note that Fast-LIO2’s results are computed on 3 out of the 5 sequences
due to dramatic failures, probably caused by unhandled dynamic objects.
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TABLE I
AVERAGE ATE AND EPE [M] ON SELF-COLLECTED DATASET

Method Suburbs Industrial Skyway Forest Farm
DRO [4] 9.53 /389 6.32/17.2 18.6 / 60.7 25.8 / 80.5 38.8 / 170.4
Navtech-SLAM [32]* 36.4 / 0.65" 28.9 / 1.46" Ry -2 -2
TBV-SLAM [25] 6.11/0.55 472 /0.82* -2 -2 -2
Dr-PoGO (ours) 0.75 / 0.42 1.58 / 0.77 3.16 / 0.23 4.31/0.75 4.19 / 0.56

Results reported as XX / YY, with XX the ATE and YY the EPE.

L The superscript indicates the number of failed sequences (ATE above 1% of the sequence distance).
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Fig. 7. Strip plots of the position (left column) and rotation (right column)
alignment error after the coarse feature-based registration (top row) and the
direct refinement (bottom row) using the 15 self-collected sequences.

TABLE I
LOOP-CLOSURE REGISTRATION ANALYSIS

Seq. t Avg. Avg. Inlier  In. pos. In. rot.

€4- YP€  atches inliers ratio RMSE RMSE
Coarse registration

Suburbs 130 101 78% 0.50m 0.26°

Industrial 72.6 54.8 75% 0.38 m 0.26°

Skyway 432 17.0 39% 0.51m 0.26°

Fine registration

Suburbs 91.0 90.6 99% 0.34m 0.21°

Industrial 554 54.2 98% 0.27 m 0.19°

Skyway 19.4 18.2 94% 0.36 m 0.17°

The best results between coarse and fine registration are shown in bold.

TABLE III
DR-POGO ABLATION STUDY (AVERAGE ATE AND EPE [M])

Variant Suburbs Industrial Skyway
No local map 297/1038  6.61/195 3.8/0.35
Coarse reg. 15370728  216/1.63  3.96/0.18
No bias 0.76 / 0.48 1.62/090  3.15/0.21
No gyro 7.05 /409"  9.21/1.592 -1
Dr-PoGO (Ours)  0.75 / 0.42 1.58 / 0.77 3.16 / 0.23

Results reported as XX / YY, with XX the ATE and YY the EPE.
! The superscript indicates the number of failed sequences.
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* Navtech-SLAM required Doppler undistortion preprocessing.

TABLE IV
DR-POGO COMPUTATION TIME ANALYSIS

Component  Hardware Tlme. per Avg. per raw
operation [s] frame [s]
DRO-GD GPU 0.104 0.104
RaPlace CPU (1 core) 0.646 0.215
Coarse reg.  CPU (1 core) 0.170 0.024
Direct reg. GPU 0.389 0.013
Pose graph  CPU (1 core) 0.093 0.002

and an Nvidia RTX 5000 Mobile GPU. The column ‘time per
operation’ represents the marginal cost of each component.
In contrast, the last column presents the average time per
frame, calculated by dividing the total time by the number
of radar scans in each sequence. Using a 4 Hz radar as in
the Boreas and self-collected datasets, we demonstrated that
Dr-PoGO runs in real-time, as the sums of GPU and CPU
times per frame are below the 250 ms mark. Note that our
implementation of RaPlace loop-closure detection attempts
to maximize the usage of 1 CPU core. For lightweight
operations, one can reduce the number of keyframes for place
recognition and subsequent registrations and optimizations.

V. CONCLUSION

This paper introduced Dr-PoGO, a framework for radar-
based 2D SLAM. It relies on DRO for odometry, RaPlace for
loop-closure detection, and introduces a novel coarse-to-fine
local-map alignment pipeline that leverages feature-based
and direct registration techniques. The SE(2) trajectory is es-
timated through a full-batch pose-graph optimization. To the
best of our knowledge, it is the first radar SLAM approach
that leverages direct registration for odometry and loop-
closure registration. We have benchmarked our framework
over 300km of real-world automotive data (sequences up
to 16 km-long) and demonstrated state-of-the-art trajectory
accuracy. We even showed that Dr-PoGO can outperform
state-of-the-art lidar-based frameworks. To enable direct lo-
calization with respect to a single global map, future work
includes using Dr-PoGO’s output as the initial guess for a
global bundle adjustment optimization that directly leverages
radar data in a single optimization instead of SE(2) relative
transformations.
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