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Abstract— Radar odometry estimation has emerged as a
critical technique in the field of autonomous navigation, pro-
viding robust and reliable motion estimation under various
environmental conditions. Despite its potential, the complex
nature of radar signals and the inherent challenges associated
with processing these signals have limited the widespread
adoption of this technology. This paper aims to address these
challenges and simultaneously present an understanding about
the current advancements in radar odometry estimation. First,
we propose novel improvements to an existing state-of-the-
art method, which are designed to enhance accuracy and
reliability in diverse scenarios. Our pipeline consists of filtering,
motion compensation, oriented surface points computation,
smoothing, one-to-many radar scan registration, and pose
refinement. In particular, we enforce local understanding of
a scene by including additional information through smoothing
(Gaussian kernels) and alignment (ICP), introduced by us in
the existing pipeline. Then, we present an in-depth investigation
of the contribution of each improvement to the localization
accuracy. Lastly, we benchmark our system and state-of-the-
art methods on all sequences of well-known datasets for radar
understanding, i.e., the Oxford Radar RobotCar, MulRan,
and Boreas datasets. In particular, Boreas includes scenarios
with challenging weather conditions, such as snow or overcast,
and, to our knowledge, it has never been used for evaluation
or benchmarking in the literature. The effectiveness of the
proposed improvements is proven by an increased translation
and rotation accuracy on the majority of scenarios considered.

I. INTRODUCTION

Robust localization is necessary for numerous tasks in
the real world, from autonomous driving and transportation,
where continuous autonomy is required, to industrial robots,
which usually operate in harsh environmental settings within
underground mines, construction sites, or even in adverse
weather conditions. Indeed, accurately estimating the odom-
etry of a robot in large-scale scenarios remains a considerable
challenge for autonomous navigation and all its applications.

Nowadays, state-of-the-art systems exploit exteroceptive
sensors like cameras or LiDARs to perform accurate local-
ization [1]. Although the available systems reached a mature
state, these sensors are sensitive to environmental artifacts,
such as dust, rain, fog, and snow, but also to illumination
and viewpoint changes [2], [3], [4]. Due to their longer
wavelength, radar sensors prove to be largely resilient to
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these conditions [5]. Moreover, they can penetrate certain
materials, extending their detection area and going further
than the line of sight of LiDARs. Lastly, radars have been
receiving increasing attention for various perception tasks,
such as place recognition and loop closure detection [6].

A widely used type of radar sensor to achieve localization
is the spinning radar, as it is able to provide accurate and
dense data, in the form of polar images, representing the
power returns at different range and azimuth values. One
challenge of spinning radars is that the obtained measure-
ments are inherently hard to interpret with respect to data
acquired from other sensors (e.g., LiDARs or cameras), due
to the noise characteristics of the sensor [7].Most localization
systems extract hand-crafted features from intensity peaks
in polar images, perform robust data association, and com-
pensate for motion distortion [8], [9], [10], [11]. Although
state-of-the-art methods integrate local geometry into cost
functions and exploit multiple radar sweeps for online incre-
mental odometry, limited attention has been put into possible
refinement and smoothing techniques, which further boost
localization by using additional spatial information.

This manuscript builds upon the Conservative Filtering for
Efficient and Accurate Radar odometry work, also known as
CFEAR-3 Radar odometry [11]. The authors proposed (i)
an efficient method for computing a sparse set of oriented
surface points from the intensity peaks of a radar image,
by applying a conservative filter and then analyzing local
geometries. Then, they included (ii) an incremental scan
matching approach that registers the latest scan to multiple
non-consecutive scans jointly, by performing weighted min-
imization of point-to-point correspondence metric. With our
work, we include several improvements and a new version of
CFEAR that increases its accuracy, as can be seen in Fig. 1,
representing the map obtained on the partial sequence 10-
14-35 of the Oxford Radar RobotCar dataset [12].

We additionally include an extensive evaluation of the
proposed method, along with multiple state-of-the-art sys-
tems for radar odometry estimation, on the most well-known
datasets for radar data, i.e., the Oxford Radar RobotCar [12],
MulRan [13], and the recent Boreas [14] datasets. To our
knowledge, we represent the first work on radar odometry in
which Boreas has been used for benchmarking.

In summary, we present multiple novel contributions.
• A full radar odometry estimation pipeline consisting of

2024 IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS)
October 14-18, 2024. Abu Dhabi, UAE

979-8-3503-7769-9/24/$31.00 ©2024 IEEE 11023



Fig. 1. Map obtained by testing the proposed method on partial sequence
10-14-35 of the Oxford Radar RobotCar dataset [12].

filtering, motion compensation, oriented surface points
computation, smoothing, scan-to-multi-keyframe regis-
tration, and pose refinement.

• An improved approach for computing the set of oriented
surface points, as in (i), which consists of two optional
and mutually exclusive methods for kernel smoothing.

• A pose refinement strategy, following (ii), that exploits
the previously computed oriented surface points to per-
form direct point cloud alignment between temporally
consecutive radar scans (not keyframes).

• An extensive evaluation of the proposed system and
state-of-the-art methods on all sequences of the Oxford
Radar RobotCar [12], MulRan [13], and Boreas [14]
datasets, considering that the last one has not been yet
tested in the literature despite the variety of weather
conditions recorded, as we show in the results.

• Finally, we make our C++ implementation available to
the community, completely ROS-independent: https:
//github.com/AIRLab-POLIMI/CFEAR4.

II. RELATED WORKS

Due to the advantages of radars over other sensors, many
odometry estimation and mapping methods relying on radars
have been proposed. A common practice is to use multiple
automotive radar sensors [15], which currently offer range
and azimuth resolutions similar to laser rangefinders, to esti-
mate numerous relative target velocities (Doppler effect) that
can assist in determining the robot’s motion [16]. However,
this method may not be the most effective for both odometry
estimation and mapping due to the relatively low accuracy
of velocity measurements compared to other sensors.

Attention then turned to the potential of harnessing the
fundamental signal data from radars. From this data, promi-
nent features can be extracted in a manner akin to vision-
based systems. However, the process of extracting keypoints
from radar data and using them for direct data association has
proven to be a complex task due to challenging modeling.

Dissanayake et al. [17] were among the firsts to research
the application of radars in localization and mapping. After
thresholding the radar’s amplitude signal, the obtained ranges
and bearings were used to identify landmarks, to be estimated

by the proposed filter-based localization algorithm. Jose and
Adams [18] later proposed a feature detector that estimates
the probability of target presence while augmenting their
formulation to include radar cross-section as a discriminating
feature. The works in [19] directly found the transformation
between pairs of dense scans, using 3D cross-correlation.

Cen and Newmann [8] then presented a method to extract
stable keypoints in radar images, which are then used to
perform scan matching and accurately estimate the motion
of the robot. The same authors later proposed an update [9]
to their radar odometry pipeline, which improved keypoint
detection, and proposed a novel graph-matching strategy.

Recently, studies utilizing only radars have focused pri-
marily on improving aspects of odometry [20], [21], [22].
Notable research on effective methods for odometry estima-
tion is presented in the works of Burnett et al. [23] and
Park et al. [22]. In the first approach, also referred to as
YETI, the researchers measured the significance of motion
distortion and demonstrated that Doppler effects need to
be eliminated during both localization and mapping. In the
second approach, known as PhaRaO, a direct method was
suggested as an alternative to using feature-based methods.

Adolfsson et al. proposed CFEAR-1 [24] as an accurate
radar odometry estimation method. First, a radar filter keeps
only the strongest reflections per-azimuth that exceeds a
threshold noise level. Then, the filtered radar data is used
to incrementally estimate odometry by registering the cur-
rent scan with a nearby keyframe. Registration is achieved
through the modeling of local surfaces in the data and
the minimization of a point-to-line metric. CFEAR-2 [25]
improved over the previous method in two ways. Drift is
reduced by jointly registering the latest radar scan to a history
of keyframes, and the estimated velocity of the robot/sensor
is also used to compensate for motion distortion point clouds
extracted from radar data. Lastly, CFEAR-3 [11] proposed
a combination of weighting, keyframe history, filtering, and
a cost function that overcomes the previous challenges with
sparsity, bias, and overly conservative filtering, making the
method the current state-of-the-art in radar odometry.

Alhashimi et al. [26] presented a method built on the
CFEAR framework, using a feature extraction algorithm
called Bounded False Alarm Rate (BFAR) to add a constant
offset to the usual Constant False Alarm Rate (CFAR)
threshold. The resulting radar point clouds are registered to
a sliding window of keyframes using an ICP-like optimizer.

Over the years, a few radar-based SLAM systems have
been proposed. The work in [27] proposed an ICP-based
graph-based SLAM system consisting of preprocessing,
odometry estimation via data fusion, scan matching, loop
closure, graph construction, and periodic optimization.

Recently, the same authors of CFEAR also presented
TBV (Trust But Verify) Radar SLAM [28], a method for
radar SLAM that verifies loop closure candidates and uses
CFEAR-3 as odometry estimation method. The authors built
on the place recognition method Scan Context by Kim et
al. [29], [13], which detects loops and relative orientation by
matching descriptors associated with multiple point clouds.
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Fig. 2. Our pipeline enhances radar odometry by incorporating multiple steps: filtering polar radar scan, motion compensation, calculating oriented surface
points, smoothing, registering multiple radar scans, and refining the pose through ICP. The process leverages smoothing techniques to supplement additional
information and aligns successive scans for further refinement after the bulk registration. The red blocks represent the proposed improvements.

III. RADAR ODOMETRY ESTIMATION

Our incremental odometry estimation method, represented
in Fig. 2, builds upon CFEAR-3 [11], operating on data
gathered by a spinning radar, represented in polar form.
Sensor data is first processed to keep only the k-strongest
readings per azimuth, to filter out noise points. The filtered
point cloud is then compensated for motion distortion using
the estimated velocity from the previous iteration. Sparse-
oriented surface points are then computed using a grid-
based approach that optionally smooths the point distribution
around each grid cell. The pose and velocity of the radar
sensor are computed by registering the current scan to a
history of previous, non-consecutive, scans (i.e., keyframes,
forming a local map) and the pose is optionally refined
through an ICP-based scan matching solution.

A. Radar pre-filtering

Given a polar radar scan of size Na × Nr, with Na

azimuth and Nr range bins, radar pre-filtering iterates over
all azimuth bins separately. For each azimuth, we choose the
k range bins that have the highest power returns, meaning
they have intensities in the polar image that surpass the
expected noise level, to reduce common data artifacts.

After filtering, each selected range and azimuth pair (d, a),
with d ∈ [1, . . . , Nr] and a ∈ [1, . . . , Na], is transformed to
a point in the Cartesian space, for subsequent algorithms:

p =

[
px
py

]
=

[
d γ cos(θ)
d γ sin(θ)

]
, (1)

where θ = 2πa/Na and γ is the sensor range resolution. The
output point cloud is the set of all Cartesian points.

B. Motion compensation

Considering the most recent linear and angular estimated
velocities ẋt−1 =

[
vx vy ω

]
, the filtered point cloud is

compensated for motion by projecting each point into the
time t of the center of the radar sweep, such that ti = t+δt,

where δt =
[
−∆T/2,∆T/2

]
and ∆T is the duration of a

full sweep. The time offset δt of each point is then computed
from the index a∆t of the corresponding azimuth bin and the
number of bins per sweep: δt = (a∆t−Na/2)∆T/2. Lastly,
each point pδt can be corrected accordingly to the inverse of
the distortion terms, compensating for its motion.

C. Oriented surface points computation

Instead of considering the filtered and motion-
compensated point cloud as presented, we conceptualize
it as an assembly of oriented surface points Mt = {mi},
to sparsely model geometries and data distribution within
the scene. Each oriented surface point consists of mean
and normal values, i.e., mi = (µi,ni). The corrected point
cloud is downsampled using a regular grid with cell size r.

For each cell in the grid that has at least one point, all l
points within a radius r from the cell centroid, represented
as matrix P2×l, are used to compute the weighted sample
mean µi and weighted sample covariance:

Σi = (P−
[
µi

]
×l
)W(P−

[
µi

]
×l
)T , (2)

where W is a normalized diagonal matrix whose elements
are proportional to the reflected intensity, as in [20]:

Wj,j = zj − zmin, (3)

The search radius r determines the final representation’s
target density of the environment, which is the set of oriented
surface points. Considering that this parameter shares a value
with the grid cell size, it allows a single point to contribute
to the calculation of multiple surface points.

To improve the computation of these points, we incorpo-
rated two additional and mutually exclusive enhancements,
which rely on smoothing techniques, described as follows.

Gaussian kernel Smoothing. Rather than directly uti-
lizing the mean and covariance of each oriented surface
point, a smoothing kernel can be applied to the grid outlined
in the preceding sections. This allows both values to be
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considered representative of each grid cell. Consequently, the
distribution maintained by a single cell not only is associated
with the distribution of points within a radius r from its
center, but it also represents the weighted distributions of
points belonging to the surrounding cells.

Given a typical 3× 3 Gaussian kernel, represented as

W3 =
1

16

1 2 1
2 4 2
1 2 1

 ,

where each element can be seen as a distribution importance
weight wi, left to right, top to bottom, the new mean and
covariance for each surface point become:

µ̂i =
∑

i∈{1,...,9}

wiµi,

Σ̂i =
∑

i∈{1,...,9}

wi(Σi + µiµ
T
i )− µ̂iµ̂

T
i .

(4)

It is essential to note that each weight wi is also multiplied
by the number of points l that were used to compute the
original mean and covariance of each cell before normalizing
the sum of weights to 1. This smoothing method has negli-
gible computation and storage requirements, and it allows to
reduce sensor noise (both from measurements and inherent).

Symmetric Gaussian kernel Smoothing. A potential
drawback of Gaussian kernel smoothing is that in non-
uniform environments, such as urban settings, the distribution
of points may be inconsistent across neighboring cells. Con-
sequently, the smoothing process could alter the mean and
covariance, skewing these values towards cells with higher
density. This could lead to issues during the registration
process, such as incorrect or misleading correspondences.

The solution we propose, as an alternative to a simple
Gaussian kernel, is to use symmetric smoothing. Let Wk

be the weights matrix of size k × k, already normalized
considering the number of points used to compute the various
mean and covariance values µi and Σi. Before we proceed
with the smoothing process, we ensure that the weights are
symmetric with respect to the central element. If there exists
at least one pair where one element is positive and the other
is zero, then we abstain from performing smoothing.

Specifically, smoothing is only carried out if all weights
in the kernel satisfy either of the given conditions:

(wi,j > 0) ∧ (wk−i,k−j > 0),

wi,j = wk−i,k−j = 0.
(5)

As a last step, eigen-decomposition on the sample co-
variance Σi allows to estimate the surface normal ni, using
the eigenvector that corresponds to the smallest eigenvalue.
Where mean and normal have been successfully computed,
the oriented surface point is then obtained as mi = (µi,ni).

D. Local mapping

Keyframes, which are composed of oriented surface points
known as reference scans and the corresponding robot poses,
are stored in a sliding window of size s at regular intervals.

This only occurs when the pose, estimated through registra-
tion, surpasses a certain threshold distance in either rotation
or translation from the previous keyframe. This method
prevents unnecessary computation and memory usage when
the robot’s movement is slow or stationary, such as when
waiting at an intersection, forming efficient local submaps.

E. Registration

The pose of the robot is estimated by finding optimization
parameters xt =

[
x y θ

]T
that best align the latest

scan Mt with a window of the most recent keyframes
Mi, i ∈ K = {1, . . . ,K}, with K being a fixed window
size, according to the function to minimize:

f(MK,Mt, xt) =
∑
k∈K

∑
(i,j)∈C

wi,jLδ(g(mkj ,mti , xt)). (6)

The term C is the set of correspondences between nearby
oriented surface points associated with two keyframes, found
by radius search and surface normal similarity.

As the cost function, we consider the point-to-point (P2P)
approach [30], which proves to be the most reliable:

gP2P (mkj
,mti , xt) = ∥e∥2, (7)

with e = µkj − (Rθµti + tx,y) being the error term w.r.t.
the translation and rotation (matrix form) components of xt.

The symbol Lδ denotes the Huber Loss, which is designed
to make the cost function less influenced by outliers.

Finally, all residuals are adjusted based on the similarity
of surface points, taking into account factors such as point
planarity, the number of detections used to calculate the
points, and the direction of normals:

wi,j = wplan
i,j + wdim

i,j + wdir
i,j

= fsim(pi, pj) + fsim(ni, nj) + max(ni · nj , 0),
(8)

where fsim(a, b) = 2min(a, b)/(a+ b) represents the simi-
larity between two values, and p = log(1+ |λmax/λmin|) is
the planarity of a surface point, with λmax and λmin being
the eigenvalues of the corresponding covariance matrix.

Intuitively, this procedure enforces spatial and temporal
consistency between radar scans. Nevertheless, the represen-
tation and registration based on oriented surface points may
not use some point-based information, which can instead be
exploited to make odometry estimates more accurate.

ICP-based pose refinement. In a similar manner to our
approach for calculating oriented surface points, where we
implemented enhancements (including Gaussian kernel and
symmetric Gaussian kernel smoothing) over CFEAR-3, we
have also expanded the registration process with an optional
pose refinement feature, following the previous step.

First, we compute the mean values of each set of oriented
surface points, obtaining their corresponding positions in the
Cartesian space. Given all the derived points, we form a
2D point cloud representing the various power returns of
each radar scan. The point cloud corresponding to the current
radar image is then aligned to the point cloud derived from
the previous radar scan, not to be mistaken with the previous
keyframe, which may correspond to a few images before
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Fig. 3. Odometry trajectory comparison among our pipeline settings with respect to CFEAR-3* and the ground truth. Starting from left to right, the first
image is Oxford 18-15-20; the second image is Boreas 01-26-11: and the last image is DCC01.

the current one (depending on the traveled distance). To
perform this alignment, we use the robot’s pose estimated
at the previous step of the pipeline, meaning the scan-to-
multi keyframe registration, as initial guess, due to its overall
accuracy. After this ICP-based alignment, we compute the
residuals of the various point-to-point correspondences. If
their sum is below a threshold (i.e., a mean squared distance
between all correspondence valued below 1.0 meters), the
pose is updated with the new estimate from the alignment.

This method offers the benefit of further refining con-
secutive robot steps by ensuring both temporal and spatial
consistencies in small windows (due to the consecutive
nature of the alignment). In this way, we are able to consider
the oriented surface points as a whole point cloud, allowing
for a more precise pose estimation.

IV. EVALUATION

A. Setup

We conducted an extensive experimental analysis on the
major three datasets within the radar literature:

• Oxford Radar RobotCar [12] (Navtech CTS350-X);
• MulRan [13] (Navtech CIR204-H);
• Boreas [14] (Navtech CIR304-H).

Both Oxford and MulRan had been fully tested on all
sequences, while not all trajectories of Boreas had a ground
truth to use for comparison. As far as we know, this is the
first paper in which Boreas has been used as dataset for
evaluating multiple algorithms for radar odometry.

Each radar sensor model has been set according to the
Navtech datasheet with respect to its range resolution, while
hyper-parameters of the pipeline were chosen according to
the CFEAR-3 values reported by Adolfsson et al. [11]. It
is also important to note that the Boreas sequences were
tested using two different range and resolution values, as the
authors state in [14], due to a sudden driver update.

We compare our baseline, which is our own C++ re-
implementation of CFEAR (referred to as CFEAR-1*,
CFEAR-2*, and CFEAR-3*, respectively, depending on the
configuration of parameters), with all possible combinations
of the improvements detailed in Section III, and other meth-
ods in the literature. These improvements include Gaussian
kernel smoothing (S), Symmetric Gaussian kernel smoothing
(SS), and ICP-based pose refinement (ICP). We also consider

combinations of these improvements, such as Gaussian ker-
nel smoothing with ICP (S + ICP) and Symmetric Gaussian
kernel smoothing with ICP (SS + ICP). Fig. 3 shows a
visual comparison of the proposed pipeline with the various
improvements, over multiple trajectories.

Moreover, we distinguish between paper and GitHub ver-
sions of CFEAR-1* and CFEAR-2*, as the used parameters
slightly differ. This distinction is not made for CFEAR-3*,
as the set of parameters is unique (refer to [11]).

The comparison is achieved through multiple metrics,
i.e., translation error percentage, rotation error expressed
in degrees over 100 meters, relative pose error (RPE), in
centimeters, and absolute trajectory error (ATE), in meters.
The metrics are computed using a well-known and existing
benchmarking toolbox 1. We do not include the translation
error percentage and rotation error for the Boreas dataset,
as the obtained values are considerably high and not as
meaningful as the other metrics (i.e., RPE and ATE).

Lastly, in the tables expressing the results achieved in our
experiments, we highlight with bold font the most accurate
values among the ones we obtained, not including in the
comparison the values reported from other papers.

B. Results and discussion

1) Oxford Radar RobotCar: Table I shows that the pro-
posed improvements to the pipeline do not lead to better
results when considering the sequences that are always used
for odometry evaluation in the literature. Nevertheless, when
studying the translation and rotation error over all sequences,
it becomes clear that the developed methods achieve in-
creased accuracy, having ICP-based solutions performing
slightly better than all other alternatives, in translation.

We can also assert that the proposed improvements out-
perform CFEAR-3* on average across the recorded scenes,
with significant improvements in ATE, expressed in Table II),
observed in specific local scenes such as 18-14-46 or 10-11-
46, among others. Of particular interest is the RPE metric,
which always achieves minimum values when derived from
the CFEAR-2* method using the parameters as described in
the corresponding GitHub repository.

Lastly, it can be noticed that the Gaussian kernel smooth-
ing leads to worse results. This is most likely related to the
type of environment represented in the dataset: unbalanced

1https://github.com/dan11003/radar kitti benchmark/tree/master
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% translation error / deg/100 [m] Sequence
Method 10-12-32 16-13-09 17-13-26 18-14-14 18-15-20 10-11-46 16-11-53 18-14-46 Mean Mean†

Cen2018 [8] - - - - - - - - 3.72/0.95 -
MC-RANSAC [23] - - - - - - - - 3.31/1.09 -
CC-MEANS [31] - - - - - - - - 2.53/0.82 -
RadarSLAM (odom) [10] 2.32/0.7 2.62/0.7 2.27/0.6 2.29/0.7 2.25/0.7 2.16/0.6 2.49/0.7 2.12/0.6 2.32/0.7 -
Kung [20] - - - - 2.20/0.77 - - - 1.96/0.6 -
CFEAR-1 [24] 1.59/0.57 1.84/0.64 1.84/0.64 1.83/0.60 1.71/0.59 1.74/0.57 2.11/0.63 1.69/0.54 1.79/0.60 -
CFEAR-2 [25] 1.35/0.49 1.50/0.51 1.52/0.54 1.52/0.52 1.41/0.50 1.33/0.48 1.61/0.53 1.48/0.50 1.46/0.51 -
CFEAR-3 [11] 1.23/0.36 1.25/0.39 1.25/0.40 1.34/0.41 1.26/0.41 1.26/0.39 1.42/0.39 1.42/0.44 1.31/0.40 -

CFEAR-1*paper 1.83/0.62 2.28/0.75 2.24/0.80 2.14/0.72 2.19/0.76 1.99/0.73 2.62/0.75 2.11/0.73 2.18/0.73 2.20/0.74
CFEAR-1*github 1.81/0.62 1.82/0.64 2.01/0.71 2.14/0.70 1.93/0.70 1.90/0.67 1.97/0.70 2.15/0.74 1.94/0.69 1.93/0.67
CFEAR-2*paper 1.76/0.57 1.88/0.63 1.89/0.68 1.92/0.64 1.64/0.58 1.67/0.60 1.78/0.60 1.80/0.62 1.79/0.62 1.77/0.61
CFEAR-2*github 1.63/0.57 1.69/0.60 1.78/0.64 1.89/0.65 1.77/0.64 1.60/0.57 1.75/0.62 1.88/0.66 1.75/0.62 1.71/0.60
CFEAR-3* 1.29/0.36 1.35/0.39 1.30/0.39 1.43/0.42 1.40/0.43 1.33/0.40 1.49/0.41 1.46/0.42 1.38/0.40 1.37/0.41
CFEAR-3*S 2.21/0.47 2.45/0.49 2.05/0.56 1.72/0.41 1.70/0.41 1.52/0.40 2.18/0.43 1.75/0.43 1.95/0.45 1.95/0.44
CFEAR-3*SS 1.30/0.37 1.33/0.40 1.31/0.40 1.43/0.42 1.36/0.42 1.34/0.39 1.48/0.41 1.47/0.43 1.39/0.41 1.36/0.40
CFEAR-3*ICP 1.29/0.36 1.35/0.40 1.30/0.39 1.43/0.42 1.38/0.43 1.33/0.40 1.50/0.41 1.46/0.43 1.38/0.41 1.37/0.40
CFEAR-3*S+ICP 1.73/0.42 1.79/0.44 1.66/0.45 1.72/0.41 1.64/0.42 1.54/0.41 2.11/0.43 1.76/0.43 1.73/0.43 1.84/0.43
CFEAR-3*SS+ICP 1.30/0.36 1.33/0.40 1.31/0.40 1.43/0.42 1.36/0.42 1.33/0.39 1.48/0.41 1.46/0.43 1.39/0.40 1.36/0.40

TABLE I
COMPARISON IN % TRANSLATION ERROR AND DEG/100M ON THE OXFORD RADAR ROBOTCAR DATASET [12]. (*) IS OUR RE-IMPLEMENTATION; (S)

IS SMOOTHING; (SS) IS SYMMETRIC SMOOTHING; (ICP) IS SCAN-MATCHING; (paper) REFERS TO THE PARAMETERS AS DESCRIBED IN [11]; (github)

REFERS TO THE PARAMETERS AS DESCRIBED IN THE GITHUB REPOSITORY OF CFEAR-3; AND (†) IS THE MEAN OVER ALL SEQUENCES. VALUES

REPORTED FROM OTHER MANUSCRIPTS (ABOVE THE DOUBLE LINE) ARE PRESENTED BUT NOT CONSIDERED IN THE COMPARISON.

RPE [cm] / ATE[m] Sequence
Method 10-12-32 16-13-09 17-13-26 18-14-14 18-15-20 10-11-46 16-11-53 18-14-46 Mean Mean†

CFEAR-1*paper 5.57/49.38 6.09/45.58 5.44/104.26 5.82/71.41 5.51/63.89 5.83/82.35 6.57/53.11 5.75/60.38 5.82/66.42 6.08/65.86
CFEAR-1*github 4.78/56.86 5.28/60.42 4.40/63.00 5.10/62.44 4.74/72.77 5.08/59.92 5.59/69.83 5.06/79.57 4.88/65.60 5.25/58.72
CFEAR-2*paper 5.34/32.37 5.86/55.15 5.06/70.21 5.63/57.85 5.28/52.25 5.55/44.33 6.04/40.58 5.61/56.71 5.42/51.05 5.77/46.96
CFEAR-2*github 4.66/42.00 5.17/52.16 4.26/56.03 5.05/62.69 4.67/57.47 5.01/36.96 5.47/50.81 4.94/73.35 4.78/53.81 5.15/47.31
CFEAR-3* 5.41/5.29 5.82/20.43 5.10/11.92 5.55/15.26 5.14/25.55 5.64/13.71 5.80/15.44 5.46/23.59 5.37/16.40 5.71/17.76
CFEAR-3*S 10.24/50.04 10.54/66.35 9.75/89.55 8.60/12.07 8.26/9.57 9.13/20.84 9.31/19.70 8.20/11.30 9.26/34.90 9.40/27.56
CFEAR-3*SS 5.54/6.03 5.94/23.43 5.21/9.95 5.66/17.25 5.23/25.10 5.78/9.58 5.94/15.40 5.53/25.32 5.60/16.51 5.83/17.61
CFEAR-3*ICP 5.96/5.36 6.04/20.49 5.36/11.67 5.89/15.90 5.78/24.62 6.28/12.21 6.27/14.11 5.92/23.53 5.94/16.36 6.13/17.65
CFEAR-3*S+ICP 10.08/17.94 9.91/28.16 9.66/23.88 8.90/10.36 8.70/9.06 9.78/23.48 9.77/19.56 8.55/10.16 9.54/17.95 9.62/21.11
CFEAR-3*SS+ICP 6.11/5.98 6.14/23.73 5.46/10.03 6.01/18.30 5.88/26.12 6.41/9.73 6.37/15.37 5.95/24.83 6.04/16.64 6.23/17.71

TABLE II
RPE [CM] AND ATE [M] METRICS, RESPECTIVELY, ON THE OXFORD RADAR ROBOTCAR DATASET [12]. (*) IS OUR RE-IMPLEMENTATION; (S) IS

SMOOTHING; (SS) IS SYMMETRIC SMOOTHING; (ICP) IS SCAN-MATCHING; (paper) REFERS TO THE PARAMETERS AS DESCRIBED IN [11]; (github)

REFERS TO THE PARAMETERS AS DESCRIBED IN THE GITHUB REPOSITORY OF CFEAR-3; AND (†) IS THE MEAN OVER ALL SEQUENCES.

scenes strongly bias the (non-symmetric) smoothing kernel,
decreasing the overall odometry estimation accuracy.

2) MulRan : The most notable finding of this analysis,
represented in Table III and Table IV, is the overall increased
accuracy of ICP-based alternatives (e.g., ICP-only or ICP
and kernel smoothing), emphasizing the importance of pose
refinement in registration. This difference is particularly
significant in the Sejong scene (which, to our knowledge,
has never been used for evaluation in the literature), which
features a large circular road with a diameter of 7 km.
Here, the error accumulation is drastically reduced by the
improvements we introduced in radar odometry compared.

An interesting thing to notice is that the lowest RPE
is always achieved by the CFEAR-1* method, which uses
the parameters from the corresponding GitHub repository
(whereas for Oxford it was the CFEAR-2* algorithm).

3) Boreas: This dataset highlighted an interesting behav-
ior of the existing algorithms (not studied before, because
Boreas has never been used to evaluate methods for radar
odometry estimation). CFEAR-3* has worse accuracy than
CFEAR-1* and CFEAR-2*, as can be seen in Table V. After
an in-depth analysis, we discovered that the point-to-point
metric used for registration and optimization leads to worse
estimates w.r.t. the point-to-line metric used in CFEAR-1*
and CFEAR-2* (other parameters do not seem to particularly
influence the RPE/ATE). For this reason, we wanted to
further stress the benefit of the proposed improvements by
applying them to the CFEAR-2* algorithm that uses the
parameters from the corresponding GitHub repository.

In a similar way to what was described for MulRan, also
here the lowest RPE is always achieved by the CFEAR-1*
method, with parameters from the GitHub repository.

Lastly, we decided to not include the translation percent-
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Sequence

Method DCC KAIST Riverside Sejong
Mean† Mean

01 02 03 01 02 03 01 02 03 01 02 03
RadarSLAM (odom) [10] 2.70/0.5 1.90/0.4 1.64/0.4 2.13/0.7 2.07/0.6 1.99/0.5 2.04/0.5 1.51/0.5 1.71/0.5 - - - 1.97/0.5 -
CFEAR-1 [24] 2.73/0.73 1.82/0.60 1.77/0.62 2.62/0.97 2.45/0.90 2.85/1.08 2.55/0.90 2.71/0.82 3.56/0.82 - - - 2.56/0.83 -
CFEAR-2 [25] 2.44/0.63 1.65/0.54 1.41/0.50 2.12/0.81 1.93/0.74 2.08/0.87 2.30/0.80 2.07/0.66 2.60/0.59 - - - 2.07/0.68 -
CFEAR-3 [11] 2.28/0.54 1.49/0.46 1.47/0.48 1.59/0.66 1.62/0.66 1.73/0.78 1.59/0.63 1.39/0.51 1.41/0.40 - - - 1.62/0.57 -

CFEAR-1*paper 2.89/0.68 2.18/0.56 1.78/0.50 3.03/0.95 2.02/0.66 2.50/0.79 2.52/0.72 2.56/0.73 4.00/0.79 2.98/0.63 3.55/0.85 3.63/0.83 2.80/0.72 2.61/0.71
CFEAR-1*github 2.55/0.55 1.65/0.41 1.51/0.43 2.16/0.68 1.71/0.52 1.65/0.52 2.43/0.69 2.21/0.65 2.51/0.52 2.38/0.62 2.98/0.70 3.12/0.77 2.24/0.59 2.04/0.55
CFEAR-2*paper 2.41/0.50 1.58/0.39 1.16/0.31 1.75/0.53 1.64/0.50 1.70/0.52 2.18/0.60 1.96/0.54 2.64/0.52 3.11/0.53 2.79/0.65 2.73/0.68 2.14/0.52 1.89/0.49
CFEAR-2*github 2.41/0.49 1.54/0.38 1.21/0.31 1.63/0.51 1.54/0.46 1.62/0.50 2.12/0.58 1.90/0.53 2.53/0.49 3.80/0.53 2.82/0.66 2.77/0.69 2.16/0.51 1.83/0.47
CFEAR-3* 2.12/0.29 1.29/0.22 1.29/0.26 1.13/0.32 1.23/0.37 1.18/0.34 1.21/0.35 1.18/0.31 1.36/0.23 1.10/0.24 1.58/0.32 1.65/0.42 1.36/0.30 1.33/0.30
CFEAR-3*S 2.37/0.33 1.64/0.26 1.77/0.31 1.34/0.35 1.39/0.40 1.31/0.36 1.57/0.38 1.78/0.37 1.64/0.21 1.48/0.25 1.91/0.34 1.93/0.43 1.68/0.33 1.64/0.33
CFEAR-3*SS 2.13/0.29 1.31/0.22 1.32/0.27 1.14/0.32 1.25/0.37 1.16/0.33 1.24/0.35 1.15/0.31 1.37/0.23 1.10/0.24 1.61/0.33 1.64/0.42 1.37/0.31 1.34/0.30
CFEAR-3*ICP 2.12/0.29 1.29/0.22 1.29/0.26 1.13/0.32 1.23/0.37 1.18/0.34 1.21/0.35 1.18/0.31 1.36/0.23 1.11/0.24 1.59/0.32 1.65/0.42 1.36/0.31 1.33/0.30
CFEAR-3*S+ICP 2.37/0.33 1.64/0.26 1.77/0.31 1.34/0.32 1.39/0.40 1.31/0.36 1.56/0.38 1.78/0.37 1.65/0.21 1.48/0.24 1.90/0.34 1.93/0.43 1.68/0.33 1.65/0.33
CFEAR-3*SS+ICP 2.13/0.29 1.31/0.22 1.31/0.27 1.14/0.32 1.25/0.37 1.16/0.33 1.24/0.35 1.15/0.31 1.37/0.23 1.10/0.24 1.61/0.32 1.64/0.42 1.37/0.31 1.34/0.30

TABLE III
COMPARISON IN % TRANSLATION ERROR AND DEG/100M ON THE MULRAN DATASET [13]. (*) IS OUR RE-IMPLEMENTATION OF CFEAR; (S) IS

SMOOTHING; (SS) IS SYMMETRIC SMOOTHING; (ICP) IS SCAN-MATCHING; (paper) REFERS TO THE PARAMETERS AS DESCRIBED IN [11]; (github) AND

(g) REFER TO THE PARAMETERS AS IN THE GITHUB REPOSITORY OF CFEAR-3; AND (†) IS THE MEAN OVER ALL SEQUENCES EXCEPT SEJONG.
VALUES REPORTED FROM OTHER MANUSCRIPTS (ABOVE THE DOUBLE LINE) ARE PRESENTED BUT NOT CONSIDERED IN THE COMPARISON.

Sequence

Method DCC KAIST Riverside Sejong
Mean† Mean

01 02 03 01 02 03 01 02 03 01 02 03
PhaRaO (full) [22] -/13.26 -/13.26 -/13.26 -/12.8 -/12.8 -/12.8 -/31.8 -/31.8 -/31.8 - - - -/19.3 -
CFEAR-1 [24] 8.22/21.64 5.00/15.83 5.77/20.77 7.53/37.06 7.22/23.28 7.47/38.79 7.98/30.81 7.36/49.25 6.39/129.23 - - - 6.99/40.74 -
CFEAR-2 [25] 7.99/17.32 4.70/7.95 5.46/6.81 7.18/17.26 6.70/16.58 6.96/23.80 7.39/22.06 6.86/47.28 5.83/80.52 - - - 6.56/26.62 -
CFEAR-3 [11] 7.83/6.82 4.54/5.13 5.16/4.88 6.37/8.72 6.01/9.89 6.21/13.44 5.90/10.98 5.38/3.26 4.50/17.83 - - - 5.77/8.99 -

CFEAR-1*paper 9.04/37.50 5.9/22.93 6.88/20.9 8.43/40.66 7.94/23.83 8.31/32.56 10.13/38.48 8.4/66.77 7.76/148.51 7.76/2741.56 6.6/2230.38 8.03/1863.47 8.09/48.02 7.93/605.63
CFEAR-1*github 8.09/28.07 5.16/14.89 6.12/18.8 7.33/34.99 7.0/22.44 7.34/22.93 8.86/53.34 7.3/89.08 6.5/82.88 6.33/3064.77 6.1/2233.92 6.71/1723.52 7.08/40.83 6.9/615.8
CFEAR-2*paper 8.77/24.40 5.7/12.05 6.61/10.37 8.0/18.1 7.43/23.26 7.85/19.67 9.58/20.97 8.09/45.55 7.16/76.84 8.37/2370.73 6.32/1769.7 6.99/1392.32 7.69/27.91 7.57/482.0
CFEAR-2*github 8.56/24.36 5.5/11.15 6.42/11.22 7.79/16.11 7.18/18.11 7.58/22.04 9.35/22.62 7.75/57.26 6.91/80.77 9.62/2285.38 6.19/2028.48 6.81/1470.76 7.45/29.29 7.47/504.02
CFEAR-3* 8.73/6.56 5.53/5.09 6.58/5.25 7.57/9.21 7.03/11.5 7.32/14.64 8.68/6.86 7.25/9.07 6.24/19.54 6.38/854.37 6.18/737.08 6.77/129.12 7.21/9.75 7.02/150.69
CFEAR-3*S 11.29/10.46 7.83/7.27 9.38/7.68 9.71/12.29 9.37/16.2 9.6/15.76 11.39/10.83 10.03/18.26 9.6/9.82 7.94/727.12 7.75/602.56 8.27/99.72 9.8/12.06 9.35/128.16
CFEAR-3*SS 8.79/6.75 5.68/5.11 6.65/5.34 7.65/10.41 7.15/11.77 7.39/12.31 8.75/6.93 7.38/12.01 6.32/18.2 6.45/813.21 6.23/724.53 6.82/120.41 7.31/9.87 7.1/145.58
CFEAR-3*ICP 8.74/6.55 5.97/5.12 6.62/5.25 7.58/9.21 7.03/11.5 7.32/14.64 8.69/6.86 7.26/9.06 6.38/19.0 6.48/856.67 6.23/737.03 6.82/129.38 7.29/9.69 7.09/150.86
CFEAR-3*S+ICP 11.30/10.46 8.17/7.29 9.4/7.68 9.71/12.35 9.38/16.2 9.6/15.76 11.43/10.83 10.02/19.6 9.63/8.77 8.03/717.21 7.82/602.32 8.3/101.36 9.85/12.11 9.4/127.49
CFEAR-3*SS+ICP 8.80/6.75 6.06/5.11 6.69/5.34 7.66/10.39 7.15/11.77 7.39/12.31 8.76/6.93 7.42/12.02 6.46/18.02 6.54/811.14 6.28/724.43 6.86/120.45 7.38/9.85 7.17/145.39

TABLE IV
RPE [CM] AND ATE [M] METRICS, RESPECTIVELY, ON THE MULRAN DATASET [13]. (*) IS OUR RE-IMPLEMENTATION OF CFEAR; (S) IS

SMOOTHING; (SS) IS SYMMETRIC SMOOTHING; (ICP) IS SCAN-MATCHING; (paper) REFERS TO THE PARAMETERS AS DESCRIBED IN [11]; (github) AND

(g) REFER TO THE PARAMETERS AS DESCRIBED IN THE GITHUB REPOSITORY OF CFEAR-3; AND (†) IS THE MEAN OVER ALL SEQUENCES EXCEPT

SEJONG. VALUES REPORTED FROM OTHER MANUSCRIPTS (ABOVE THE DOUBLE LINE) ARE PRESENTED BUT NOT CONSIDERED IN THE COMPARISON.

RPE [cm] / ATE [m] Sequence

Method Overcast, Snow Overcast, Snow, Snowing Overcast, Snow, Snowing Sun Sun, Clouds, Construction Sun, Clouds Night Clouds Mean Mean†11-26-13 12-01-13 01-26-11 04-08-12 04-13-14 06-03-16 09-14-20 11-16-14
CFEAR-1*paper 12.50/96.74 13.45/166.64 10.61/166.83 14.42/136.21 13.21/91.11 12.94/82.48 13.58/53.51 13.81/48.81 13.06/105.28 13.09/93.55
CFEAR-1*github 11.98/131.85 12.89/132.99 9.78/187.25 13.88/158.26 12.51/92.76 12.40/48.59 13.06/48.25 13.48/26.84 12.37/103.35 12.53/80.21
CFEAR-2*paper 12.41/55.24 13.32/53.34 10.29/94.23 14.35/36.94 12.91/47.80 12.86/56.75 13.56/110.99 13.74/73.41 12.93/66.15 12.95/64.91
CFEAR-2*github 12.10/49.28 12.94/97.41 9.89/113.25 13.98/75.04 12.58/43.17 12.49/44.76 13.11/39.50 13.44/60.44 12.44/65.48 12.57/64.16
CFEAR-2*g,S 13.82/48.47 14.56/32.35 11.84/32.11 15.36/24.35 14.01/46.04 13.86/57.32 14.54/130.11 14.28/113.09 13.78/60.48 14.01/82.11
CFEAR-2*g,SS 12.17/49.66 12.97/97.61 10.02/87.05 14.07/67.00 12.68/29.20 12.52/41.12 13.19/34.13 13.47/63.03 12.64/58.72 12.62/60.72
CFEAR-2*g,ICP 12.16/49.28 12.98/97.41 10.31/113.36 14.05/75.04 12.69/43.45 12.52/44.76 13.15/39.50 13.47/60.44 12.67/65.53 12.64/64.11
CFEAR-2*g,S+ICP 13.88/48.44 14.61/32.35 12.11/31.41 15.45/24.29 14.11/46.13 13.90/57.32 14.60/130.11 14.34/113.09 14.13/60.27 14.08/82.09
CFEAR-2*g,SS+ICP 12.22/49.66 13.01/97.62 10.46/89.39 14.13/67.00 12.80/29.21 12.55/41.12 13.23/34.13 13.51/63.03 12.74/58.77 12.70/60.78
CFEAR-3* 14.79/107.52 15.80/114.38 13.34/91.32 16.82/79.05 15.68/94.98 14.77/135.09 15.60/106.15 13.48/99.98 15.16/103.44 14.93/110.86
CFEAR-3*S 16.06/119.07 17.07/120.68 15.07/92.58 17.89/98.07 16.85/82.45 15.94/125.92 16.76/53.89 14.16/94.10 16.35/98.35 16.07/103.62
CFEAR-3*SS 14.80/102.25 15.87/108.09 13.56/89.72 16.86/78.50 15.75/90.70 14.82/128.71 15.62/107.41 13.51/98.72 15.10/100.64 14.97/109.04
CFEAR-3*ICP 14.79/107.52 15.84/113.80 13.55/87.18 16.82/79.67 15.71/94.98 14.78/135.09 15.61/106.48 13.51/98.80 15.08/103.05 14.96/110.56
CFEAR-3*S+ICP 16.07/114.99 17.09/120.68 14.94/76.61 17.88/92.63 16.92/79.70 15.97/128.87 16.77/53.89 14.19/95.37 16.23/95.34 16.09/102.45
CFEAR-3*SS+ICP 14.81/102.25 15.90/108.09 13.71/97.93 16.88/78.44 15.77/90.70 14.83/128.71 15.65/107.60 13.53/97.68 15.13/101.43 15.00/109.28

TABLE V
RPE [CM] AND ATE [M] METRICS, RESPECTIVELY, ON THE BOREAS DATASET [14]. (*) IS OUR RE-IMPLEMENTATION OF CFEAR; (S) IS SMOOTHING;
(SS) IS SYMMETRIC SMOOTHING; (ICP) IS SCAN-MATCHING; (paper) REFERS TO THE USAGE OF PARAMETERS AS DESCRIBED IN [11]; (github) AND (g)

REFER TO THE PARAMETERS AS IN THE GITHUB REPOSITORY OF CFEAR-3; AND (†) IS THE MEAN OVER ALL SEQUENCES HAVING GROUND TRUTH.

age and orientation over distance errors, as they correspond
to particularly high values (an average of 66.87 for the
translation and 23.35 for the rotation) for all sequences
and algorithms employed. These values require a more in-

depth analysis of the used benchmarking tool, to confirm
whether they are representative. Nevertheless, the best overall
accuracy is achieved by the (SS) configuration of CFEAR-2*
and by CFEAR-1* (both GitHub parameters), respectively.
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V. CONCLUSION

In this paper, we presented a complete radar-only odome-
try estimation pipeline, built on CFEAR-3, and consisting of
multiple steps: filtering, motion compensation, oriented sur-
face points computation, smoothing, scan-to-multi-keyframe
registration, and pose refinement. We developed an improved
method for computing the set of oriented surface points,
exploiting kernel-based smoothing techniques. We also pro-
posed a pose refinement strategy that performs direct point
cloud alignment between temporally consecutive radar scans.
We evaluated our pipeline on all sequences of the Oxford
Radar RobotCar and MulRan datasets, and on the majority
of trajectories of the recent Boreas dataset, showing that
we are able to achieve better results in terms of accuracy
in the majority of scenarios considered. We also performed
an extensive quantitative analysis, describing the impact and
performance of our improvements. As a natural progression
of this research, we plan to integrate the proposed pipeline
into a SLAM framework in the near future and further im-
prove its localization capabilities in complex environments.
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