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Abstract— We present a novel 3D odometry method that
recovers the full motion of a vehicle only from a Doppler-
capable range sensor. It leverages the radial velocities measured
from the scene, estimating the sensor’s velocity from a single
scan. The vehicle’s 3D motion, defined by its linear and
angular velocities, is calculated taking into consideration its
kinematic model which provides a constraint between the
velocity measured at the sensor frame and the vehicle frame.

Experiments carried out prove the viability of our single-
sensor method compared to mounting an additional IMU. Our
method provides a more reliable translation of the sensor,
compared to the errors linked to IMUs due to noise and biases.
Its short-term accuracy and fast operation (∼5ms) make it a
proper candidate to supply the initialization to more complex
localization algorithms or mapping pipelines. Not only does it
reduce the error of the mapper, but it does so at a comparable
level of accuracy as an IMU would. All without the need to
mount and calibrate an extra sensor on the vehicle.

Index Terms— Localization, Range Sensing, Autonomous Ve-
hicle Navigation, Range Odometry, Radar, Doppler.

I. INTRODUCTION

Self-localization is one of the fundamental components
of autonomous mobile robots and vehicles. This problem
can be tackled by employing different sensors, but cameras
and lidars are among the most widely used in contem-
porary methods. These sensors provide enough advantages
to justify their relevance, though their performance can
be severely hindered under challenging circumstances, like
extreme lighting or weather conditions, or the presence of
dust or mist [1].

Radar sensors, on the other hand, are a promising but un-
derexplored alternative able to provide geometric information
of its surroundings even in challenging low-visibility scenar-
ios [2]–[4]. This makes them highly suitable for underground
operations, construction sites, and other harsh environments.
The relevance of radars in industrial and on-road applications
has driven sensor technology forward, making them more
affordable, accurate, and fast. Among the various advances,
it is worth highlighting the introduction of radar sensors
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Fig. 1: Representation of the working principle of the pro-
posed method. Top, the radial velocity v⃗Di of the observed
points in the scene is leveraged to estimate the sensor’s
linear velocity v⃗s. Bottom, the kinematic model provides
the relation between v⃗s and both the linear v⃗ and angular
ω⃗ velocities of the vehicle.

measuring in 3D (azimuth, elevation and range), as well as
their ability to estimate the radial velocity of each sensed
3D point. The latter is possible by leveraging precise phase
measurements of the returning signal, which allows the
sensor to measure the velocity of a point along the radar-
point direction. Further on, we denote it as Doppler velocity.
Note that this technology has also been implemented in
certain lidars, so from now on we will refer to all of them
as Doppler-capable range sensors.

The radial velocity provided by these sensors has proven
to be advantageous for odometry methods, aiding in the
segmentation of dynamic and static objects [5], as well as
introducing more constraints to the movement estimation [6].
Given the right conditions, it can be as powerful as to recover
the 2D ego-motion of the sensor from a single scan of its
surroundings [7], [8]. Note that, to estimate the localization,
these works rely upon either knowing the kinematic model of
the vehicle or mounting multiple sensors, since not all three
degrees of freedom (DOFs) of a 2D movement are observable
with just the radial velocity of points of the scene. Estimating
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the movement of the sensor this way removes the need to
perform data association, bringing it closer to employing an
Inertial Measurement Unit (IMU) or wheel odometry. These
methods provide the relative motion of the sensor, and tend
to accumulate error over time, also known as drift. However,
their short-term accuracy obtained in a fast and simple way
makes them widely adopted in different odometry solutions.

In this paper, we propose a 3D odometry method that relies
only on the Doppler velocity to estimate the vehicle motion
from a single scan, hence avoiding data association. Doppler-
capable range sensors can only capture the radial velocity
of a point. Assuming most of the scene is static, the linear
velocity of the sensor can be recovered via RANSAC [9].
However, there is a lack of information to obtain the 6 DOFs
of a 3D movement. The observability of this problem was
studied by Yoon et al. [10], where a gyroscope was added
to completely determine the vehicle 3D motion. However, in
this work we propose a simpler solution closer to the one pre-
sented by Kellner [7] but in 3D: by taking into consideration
the kinematic model of the vehicle, we can recover its 3D
movement using only the Doppler velocities. In the following
sections, we describe the proposed odometry algorithm, as
well as the experiments performed to validate it. An overview
of its working principles can be seen in Figure 1. The results
obtained prove that the presented method yields a short-
term accurate motion estimation. When it is employed as
initialization of more advanced localization algorithms like
mapper pipelines, it improves the accuracy without needing a
different sensor mounted on the vehicle. The code is publicly
available at https://github.com/andresgalu/doppler odometry.

II. RELATED WORK

The first publication to recover the ego-motion of a vehicle
employing Doppler velocity without data association is due
to Yokoo et al. [11], who employ 1D radar sensors mounted
on a vehicle with Ackermann steering performing 2D planar
motion. They propose two sensor configurations to recover
the forward and angular velocities, one with two radars
mounted in front of the vehicle, and another with a single
radar and a gyroscopic sensor. The method requires the
observed objects to be static in order to provide a reliable
localization estimation. Kellner et al. expanded this concept
for a single 2D radar [7]. Since the sensor can only measure
the radial velocity of the objects, the angular velocity cannot
be directly observed. To circumvent this issue, again the
vehicle has to comply with the Ackermann kinematic model,
reducing the DOFs from 3 (complete 2D motion) to 2
(forward and angular velocities). The increase in data points
due to leveraging a 2D sensor removes the need to assume a
static scene. By applying RANSAC [9], dynamic points can
be identified and discarded as outliers. Kellner et al. later
developed a method to completely recover the 3 DOFs of the
2D motion by employing multiple radar sensors [8], avoiding
the Ackermann model requirement.

Stepping into 3D movement, works of both Kramer
et al. [12] and Doer and Trommer [13] combine the infor-
mation from a 3D radar and an IMU to recover the 6 DOFs

of the motion, employing batch optimization by the former
and an Extended Kalman Filter (EKF) by the latter. The use
of an IMU as a way to make the movement observable is
reminiscent of the second configuration proposed by Yokoo
et al. [11]. Similarly, Yoon et al. [10] employ a Doppler-
capable 3D lidar and a gyroscope to decouple the 3D motion
estimation, with the lidar and gyroscope yielding the trans-
lation and rotation respectively. Said work includes a study
of the observability of the motion, explaining the need for
either a gyroscope or multiple sensors to completely recover
the 3D movement. Even without a 3D radar, Park et al. [14]
estimate the 3D motion of a vehicle by compositing two
orthogonal 2D radar sensors, along with an IMU.

As well as providing a motion estimation, the Doppler ve-
locity has proven to be helpful in more traditional odometry
algorithms. They usually register consecutive point clouds,
and thus are out of the scope of this review, only those that
employ Doppler velocities are included. The most common
approach is to add a cost function to the optimization
problem, where the measured radial velocity is compared to
the expected velocity of a point given an estimation of the
motion. This can be applied to registration problems com-
monly found in the literature such as Iterative Closest Point
(ICP) [15] variations [6], [16], [17], Normal Distribution
Transform [18] (NDT) [19], and similar approaches [20]. The
work of Monaco and Brennan [21] stands out for decoupling
the motion estimation: the translation is obtained from the
Doppler velocity, while the collected spatial information
provides the rotation. The recent rise of Neural Networks
(NN) has also reached radar odometry as can be seen in the
work of Rennie et al. [22], where Doppler velocity is used to
obtain an estimation of the motion which can later be fused
with the scan registration result.

In contrast to the literature that is reviewed above, the
method proposed in this article provides the 3D motion
of a Doppler-capable range sensor by only leveraging the
radial velocities from the scene. By taking into consideration
the kinematic model of the vehicle the movement can be
recovered without needing an extra IMU. The efficiency and
short-term accuracy of this algorithm make it more than
helpful to provide an estimation of the motion, which is also
valuable as initialization in more resource-hungry algorithms.

III. METHOD OVERVIEW

In this section, we explain how the proposed method
estimates the 3D movement of the vehicle from the Doppler
velocity measurements of points in the scene. It first esti-
mates the sensor velocity, then finds the vehicle movement
that fulfills a certain kinematic model and explains said
velocity. In Section III-A we will describe how the velocity
of the sensor itself can be calculated from the captured radial
velocities. As explained before, from the sensor velocity we
cannot obtain the 6 DOFs of the vehicle’s 3D motion. By
introducing the kinematic model of the vehicle in Section III-
B, the DOFs of the movement get reduced and hence it can
be solved. Finally, Section III-C will analyze the variance of
the estimated vehicle movement variables.
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(a) Top view of the vehicle movement on the XY plane. (b) Side view of the vehicle movement on the XZ plane.

Fig. 2: Simple cases of movement of the vehicle showing the location of the line along which the ICR can be found (orange).
The velocity of points located on the ICR axis is perpendicular to it. Black box represents an example of sensor location.

A. SENSOR VELOCITY

In this section, we will delve into the procedure that
yields the sensor velocity from the Doppler velocities of the
observed points. First, we will derive the equations assuming
the scene is completely static, and then we will tackle the
issue of removing dynamic objects.

Assuming a static scene, the velocity of an observed object
is the opposite of the sensor velocity vs. Since the Doppler
velocity from each point vDi is only measured along the
radial direction, this value is the result of projecting the
opposite of the sensor velocity on the radial direction.

−vDi =
[
cosϕi cos θi sinϕi cos θi sin θi

] vsxvsy
vsz

 (1)

The azimuth ϕ and elevation angles θ of each point i
are obtained by converting their cartesian coordinates to
spherical. Applying Equation (1) to all sensed points results
in a set of linear equations in the form of B = Ax that
can be solved with least squares regression. To reduce the
influence of noise in the final result, we weight each point
by its signal power. The sensor velocity is thus estimated as
follows, with W being the diagonal matrix of the weights.

vs = (A⊤WA)−1(A⊤WB) (2)

In the case there are dynamic objects in the scene, not
all the points will follow the same model. In our imple-
mentation, we chose RANSAC [9] to get rid of these outlier
points that do not comply with the estimated sensor velocity.
They are labeled as dynamic, which can be helpful for later
processing of the data.

B. VEHICLE KINEMATIC MODEL

Now that the sensor velocity has been calculated from
the Doppler velocity measurements, we can estimate the

vehicle movement. There exists an infinite number of 3D
motions that explain the calculated sensor velocity, and we
lack the information to determine all the 6 DOFs. However,
by constraining the vehicle motion to a certain kinematic
model, it is possible to simplify the movement enough to
obtain an estimation.

First of all, we need to define the frame of reference
used throughout this section. Its position in the vehicle is
not particularly relevant, but its orientation is. As shown in
Figure 2 we establish the Y axis to be aligned with the rear
wheel axis, pointing to the left of the vehicle. The X axis is
perpendicular to it and points toward the front wheel axis.
Finally, the Z axis points upwards, perpendicular to both X
and Y. Without loss of generality, we will locate the frame
of reference at the center of the rear wheel axis.

For the sake of clarity, we will start analyzing the move-
ment of an Ackermann steering vehicle moving along a flat
surface, which is simply a 2D motion. In that case, the Instant
Center of Rotation (ICR) can be found somewhere along the
line of contact between the rear wheels and the ground, but
it can be well approximated as the line that goes through the
rear wheel axis. From now on we will refer to this line as
the Z-ICR axis, since it relates to the rotation around Z. The
velocity along the Y direction of any point located in the
Z-ICR axis is null by definition. See Figure 2a for a graphic
representation. Note that the key concept here is to have the
ICR restricted to a given line, and the Ackermann kinematic
model is just an example. As long as the kinematic model
fulfills this requirement, like in differential drive and skid-
steer vehicles, the viability of the proposed method holds.

For a 3D motion, the movement along Z has to be analyzed
too. Similar to the previous paragraph, we can first study the
simplified movement where the vehicle only moves in the XZ
plane, along a curved surface. The ICR in this case is located
at the intersection of the lines perpendicular to the contact
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point between the wheels and the ground. Assuming the
curvature of the ground is locally constant in the relatively
short distance between both wheel axes, the ICR will be
located in a line parallel to the Z axis that goes through the
midpoint between both wheel axes. Every point located along
this Y-ICR axis will consequently have zero velocity in the
Z direction. Figure 2b shows this concept for better clarity.
This holds true even when driving on a flat plane, in which
case every point in the vehicle has zero vertical velocity.

Until now, we have studied the rotation around the Z
axis (yaw) and Y axis (pitch) through two basic movement
examples (Figures 2a and 2b respectively). The roll, or
rotation around the X axis, can be assumed negligible for a
vehicle moving on a road. The complete 3D motion can then
be seen as a combination of these two basic movements, and
the introduced restrictions will still be present in the resulting
3D motion model. Namely, the velocity of points located in
the Z-ICR axis will have no Y component, and similarly
points in the Y-ICR (the middle of the vehicle along the X
axis) will have zero Z velocity.

We can now recover the motion of the vehicle by applying
the mentioned restrictions, knowing that the velocities of
two points p⃗, s⃗ of the same rigid moving object are related
through their relative position and angular velocity ω⃗:

v⃗p = v⃗s + ω⃗ × (p⃗− s⃗) (3)

Using the previously estimated sensor velocity v⃗s (2),
along with the restrictions, we can recover the angular
velocity vector. To that end, point s⃗ is now the sensor
position, and point p⃗ belongs to the Z-ICR axis, fulfilling
the restriction of having zero Y velocity. Since all points on
said axis comply with the requirement, we choose a point p⃗a
located at the same Y coordinate as the sensor, for simplicity.{

p⃗a = [0, sy, 0]
⊤

v⃗a = [vax, 0, vaz]
⊤ → 0 = vsy − ωzsx + ωxsz (4)

In a similar manner, we can apply the second restriction,
which indicates that a point p⃗b located on the Y-ICR (in the
middle of the vehicle) has zero Z velocity.{
p⃗b = [m, 0, sz]

⊤

v⃗b = [vbx, vby, 0]
⊤ → 0 = vsz − ωxsy − ωy(m− sx)

(5)
Where m is half the distance between the two wheel axes of
the vehicle, see Figure 2b. Finally, we apply the restriction
ωx = 0 since the rotation around the X axis is negligible,
and thus the angular velocity vector can be recovered.

ω⃗ =
[
0 vsz/(m− sx) vsy/sx

]⊤
(6)

The global pose of the sensor with respect to the reference
frame of the world can be updated from the previous instance
after a period of time ∆t by employing the velocity v⃗s for
the position p⃗s, and the angular velocity ω⃗ for the orientation
R. Note that the velocity of any point of the vehicle can be
calculated by applying (3), and thus its pose can be updated:{

R(t+∆t) = R(t)eω⃗∆t

p⃗s(t+∆t) = p⃗s(t) +R(t)v⃗s∆t
(7)

C. COVARIANCE ANALYSIS

In this section, we analyze the variance of the estimated
sensor and angular velocities, in order to better understand
how their accuracy can be improved. First, we start with
the sensor velocity v⃗s estimated in Section III-A. Since we
employed least squares (2) to find the velocity, its covariance
matrix Cv can be estimated from the residuals ρ = Av⃗s−B
[23], with N being the rows of A:

Cv =
ρ⊤Wρ

N − 3
(A⊤WA)−1 (8)

Other than the noise of the measurements, the distribution
of the points in the scene is highly significant. The more
spread they are, the higher the accuracy of the sensor velocity
will be. The covariance matrix Cω of the angular velocity
vector can then be calculated via error propagation:

Cω = JCvJ
⊤ =

0 0 0
0 σ2

vz/(m− sx)
2 σ2

vyz/(sxm− s2x)
0 σ2

vyz/(sxm− s2x) σ2
vy/s

2
x


(9)

Note the impact the X-location of the sensor on the vehicle
has on the covariance. If the sensor’s X coordinate coincides
with that of either ICR axis, then the related angular velocity
cannot be observed. Thus, for better accuracy it is advisable
to place the sensor far from these axes along the X direction.

IV. EXPERIMENTS AND RESULTS
In this section, we describe the experiments performed

in order to validate the proposed method, and subsequently
evaluate it based on the obtained results. The test platform
used is a standard PC with 8GB of RAM, running Ubuntu
20.04 with an Intel Core i7-7700HQ CPU with four cores
and eight execution threads at 2.8 GHz. The employed setup
consists of a Hugin 4D imaging radar, an Ouster OS1-128 3D
lidar, and an Xsens MTi-30 IMU all mounted on a Clearpath
Husky robotic base. The proposed method makes use only
of the radar, while the lidar and IMU are used here for
comparison in the evaluation. A dataset was collected while
the Husky was driven around sloped terrain. Six different
sequences were recorded: 04 and 05 have the most hills and
thus the most vertical movement; 06 represents driving on a
flat ground; 07 and 08 are similar multifaceted trajectories,
with the second having a higher velocity throughout; and
11 is a longer route. Both the environment and the sensor
setup can be seen in Figure 3, and the dataset is publicly
available at https://zenodo.org/record/8346769. Note how the
sensor is mounted on a lever arm on the vehicle. This is
because increasing the distance along X from the sensor to
both ICR axes results in a more accurate angular velocity, as
established in Section III-C. On a larger vehicle, like a car,
the sensor can be mounted far from the ICR without needing
a lever arm, as can be seen in Figure 2.

In contrast to the Ackermann vehicle used as an example
in Section III-B, the Husky is a skid-steer vehicle. As
explained before, the proposed method works with every
vehicle whose Z-ICR is in a consistent location. We are
aware of the implications of working with this type of vehicle
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Hugin 4D Radar

Ouster OS1-128

MTi-30 IMU

Fig. 3: Sensor setup and test environment from sequence 04.

[24], but the results show that the kinematic model is accurate
enough to recover the angular velocity.

A. SENSOR CALIBRATION

For the proposed method to properly work, the sensor
orientation and position with respect to the vehicle must
be known. To that end, we propose a two-step calibration
algorithm. First, the vehicle moves in a straight line, forward
and backward. We then find the rotation that minimizes both
Y and Z velocities calculated by the method, since only
the X component should be non-zero. The second step is
similar, but in this case the rotation required is the one around
the X axis, which is not determined by the previous step.
Therefore, the vehicle moves freely around a flat surface, to
then find the rotation that minimizes the estimated Z velocity.
By combining both rotations, the calculated sensor velocity
can be transformed into the reference frame of the vehicle,
and thus be used to obtain the angular velocities.

Just as important as the orientation of the sensor is its
position, in particular, the distance along the X axis from
the sensor to the location of the Z-ICR. This distance can
be measured, but to avoid the possible error introduced by
manually measuring it, we decided to calibrate sx employing
the IMU data. The procedure is simple: the vehicle moves
in a flat circle at a constant speed, and then sx is chosen
to minimize the difference between the calculated angular
velocity and the one measured by the IMU. Note that this
is not the only possible way to calibrate the sensor position,
but information about the movement is required either way.

B. ACCURACY RESULTS

In this section we will evaluate the accuracy of the
proposed method for providing single-scan and single-sensor
3D motion estimation. We compare the results to an IMU,
since both provide a short-term accurate estimation of the
motion, but show drift over time. As the ground truth for
the comparison, we use the trajectory obtained by running
an ICP-based mapper on the 3D lidar data.

An IMU provides information on the angular velocity
and linear acceleration of the sensor. Its trajectory can be
estimated by integrating these values over time. However,
these measurements suffer from having noise and a non-
constant bias. Combined with the high frequency at which
these sensors operate, said trajectory shows significant drift
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Fig. 4: Angular velocity estimated from the Doppler veloci-
ties compared to IMU measurements, from sequence 11.

over time. The position is impacted even more since two
integration steps are performed from the measured linear
acceleration [25]. Therefore, the translation estimated from
the IMU is not reliable enough to be included in the results.

Our method, in contrast to the IMU integration, obtains the
translation of the sensor directly from its estimated velocity.
The rotation, however, depends also on the calibration previ-
ously mentioned, as well as the fulfillment of the kinematic
hypothesis. Our simple approach allows for fast execution,
taking on average 4.50 ± 1.94 ms per scan.

Figure 4 shows the angular velocities estimated by the
proposed method compared to those measured by the IMU.
Despite the mentioned limitations, our method provides an
estimation similar to the IMU. Notice also how the roll
velocity measured by the IMU is not as significant as the
yaw and pitch. It is normal to undergo some roll rotation in
the rough terrain of the experiments, but it is small enough
to consider it inconsequential. On smoother surfaces, like
roads, it will be even smaller. This supports the restriction
imposed by the kinematic model on the roll.

It makes sense to combine the advantages of both ap-
proaches into one, namely the translation from Doppler
velocities with the rotation from the IMU, as done by Doer
and Trommer [13]. However, this combined method needs
information from two different sensors to recover the motion.

To compare these three approaches (IMU, Doppler, IMU +
Doppler), we include in Figure 5 the resulting Relative Pose
Error (RPE) per frame of the test sequences. This evaluates
the short-term accuracy of the different methods, without
taking into account their drift over time. Regarding the
translation, IMU-only has been omitted because of its large
error as discussed above, with the trajectory being hundreds
of meters away from the ground truth. Both Doppler-only and
IMU + Doppler recover the translation in a similar manner,
and thus it makes sense for them to provide comparable
accuracy. The difference is more apparent in the rotation.
The accuracy of our method depends not only on the noise of
the input data, unlike IMU. The fulfillment of the kinematic
model and the calibration play an important role, hindering
the rotation estimation. Sequences 04, 08 and 11 stand out as
the most challenging because of their uneven terrain, causing
more vibrations and defying the no-roll assumption.
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Fig. 6: RPE per second of the mapper employing different
prior data. Values out of the graph are labeled.

C. INITIALIZATION OF SLAM

The proposed method’s short term accuracy and fast exe-
cution make it an interesting candidate to provide a motion
prior to a more complex and accurate localization method,
e.g. SLAM. ICP [15] is a widespread point cloud registration
algorithm used among SLAM methods but is prone to falling
into local minima. By providing a motion prior this limitation
can be greatly reduced. It is already fairly common in the
literature to employ an IMU to initialize the motion.

To evaluate the impact of using the proposed method as
initialization for SLAM, we feed the radar data and a motion
prior to an ICP-based mapper1 [26] and analyze its accuracy
based on how the motion is initialized. We test 3 different
prior estimators: IMU only, Doppler only (our method), and
IMU combined with radar. The trajectory of the mapper
without any prior is also included as the base case in the
comparison. Again, the ground truth used for the comparison
is the one obtained from running the mapper on the 3D
lidar data. The evaluation metric in this case is the RPE
per second, which focuses more on long-term accuracy, a
desirable trait for SLAM algorithms.

The resulting error values of the experiments can be seen
in Figure 6, and the trajectories in Figure 7. Despite the
variation along different sequences, all methods perform at
a similar level of accuracy. What is obvious is the need

1https://github.com/norlab-ulaval/norlab icp mapper ros
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Fig. 7: Trajectory in meters generated by the mapper with
different prior data on sequence 07 (left), and a closer view
of the start and finish points (right). Prior used: none (NP),
IMU, our method (Dopp), and IMU and Doppler (I+D).

for a prior input to the mapper, without which it fails. Our
method provides a reliable motion prior, resulting in a similar
accuracy to IMU, without the need to mount and calibrate
an extra sensor. Furthermore, the proposal can identify and
remove dynamic points from the scene, which can help at
later stages of the mapper pipeline.

V. CONCLUSIONS

In this paper, we have introduced a fast 3D odometry
that estimates the motion of a vehicle from a single scan
leveraging the Doppler velocity. The method first obtains
the sensor velocity based on the measured radial velocities
of points from the scene, while rejecting dynamic objects.
Based on the kinematic model of the vehicle, the relation
between its velocity and the sensor’s is established, and thus
the 3D motion of the vehicle can be recovered.

A series of experiments have been carried out to validate
our method, evaluating the accuracy of the odometry both
when used as-is for pose tracking and when used as input
to an ICP-based mapping pipeline. We compared its perfor-
mance with an IMU, given their similar ability to efficiently
provide short-term accurate odometry. These qualities make
the proposal especially suitable as initialization for radar-
only SLAM algorithms, as it boosts the accuracy and identi-
fies dynamic objects at a very low cost. The results prove how
our method provides a similar accuracy to an IMU without
needing an external sensor mounted on the vehicle. Both the
code and the dataset are publicly available.

At the core of the method lies the kinematic model of the
vehicle. Granted that it simplifies the movement enough to
be observable with a single sensor, it also sets the limitations
needed for the proposal to accurately estimate the motion.
Challenging scenarios include the Z-ICR being unstable,
for example in slippery terrain, bumpy roads with abrupt
and uneven vertical variation (potholes), and roads with
considerable cant that generate roll rotation. These issues
cannot be solved solely through software. On the other hand,
the impact of having large amounts of outliers or noisy
measurements on the accuracy can be reduced by correctly
filtering the data, which should be the focus for future work.
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