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Abstract— Accurate and robust pose estimation is essential
for any autonomous vehicle. While sensors like GNSS, LiDAR,
and camera are widely used for state estimation, they admit
weaknesses under challenging environments e.g. poor satellite
signals, low light, or adverse weather. Recent 3D and 4D
radars have emerged as a robust alternative, providing sparse
point clouds with information on the detected targets’ range,
angle, and radial velocity. As a result, interest in radar-based
odometry (RO) has grown steadily. In this paper, we explore
two aspects: radar-only ego-motion estimation and multi-radar-
vehicle extrinsic calibration. We present a Doppler-based radar
odometry algorithm using an Implicit Extended Kalman Fil-
ter and propose a novel, radar-only and target-less multi-
radar-vehicle calibration method. An observability analysis is
conducted to optimize sensor placement considering both the
odometry and calibration. Finally, the proposed methods are
validated through both simulation and real data.

I. INTRODUCTION

An accurate and robust pose estimation is a mandatory step
for any autonomous vehicle. To solve this problem, Global
Navigation Satellite System (GNSS), Inertial Measurement
Unit (IMU), LiDAR or cameras are usually used individually
or in combination to overcome their respective weaknesses.
For instance, GNSS can be perturbed by the context of
navigation due to non-line of sight satellites or multi-path
errors [1]. Even if visual and lidar-odometry algorithms
have shown excellent performances [2], [3] they also have
strong limitations. Cameras are very sensitive to poor lighting
conditions and both cameras and LiDARs are impacted by
harsh weather conditions, such as heavy rain, snow or fog.
To avoid such inconvenience the use of millimeter wave
radar (mmW radar) sensors is becoming more and more
significant. Indeed radar perception is almost insensitive
to the aforementioned conditions. Moreover, such a sensor
can measure both the range and direction of arrival but
also the apparent radial velocities of the detected objects.
For these reasons, radar-based odometry (RO) is more and
more studied [4]. Radar Odometry has been first studied
using rotating radars [5], we choose to focus on single-chip
Multiple-Input Multiple Output (MIMO) radar sensors, as
they are much cheaper and lighter. An additional solution
to increase the odometry accuracy and robustness is the
hybridisation with other sensors such as wheel odometry or
Inertial Measurement Unit (IMU) composed of accelerom-
eter, gyrometer (6-axis), and sometimes magnetometer (9-
axis), barometer. However, when it comes to fuse data from

different sensors, it is necessary to have an accurate estimate
of all the extrinsic calibrations. Even if the calibration
between cameras, LiDARs and IMU are well studied [6]-
[8], the calibration between radar and other sensors is more
and more needed.

In this paper, we propose to focus on both aspects. First,
we are studying the possibilities of having a single or multi-
radar-based odometry system for vehicle ego-motion. Then
based on observability analysis and simulation we propose a
solution for radar extrinsic calibration.

The main contributions of our paper are:

o An Implicit Extended Kalman Filter based radar-only

ego-motion algorithm using Doppler measurements.

o A filter-based, target-less multi-radar extrinsic calibra-

tion algorithm.

o An observability analysis for both the egomotion and

calibration parameters to evaluate the sensor placement.

« A validation of the proposed algorithms through both

simulation and real data.
II. RELATED WORKS
A. Odometry

The studies presented here are mainly from the robotics
community and thus use as an input data 3D or 4D pre-
processed point clouds (scans), consisting of detected targets
each carrying the information of range, angle and radial
velocity. However, the presented techniques are also used
in the radar community from raw data processed via Range,
Doppler, Angle Fast Fourier Transform (FFT) to obtain the
so-called radar data cube, and perform detection on it using
a Constant False Rate (CFAR) Detector [9], [10].

We can divide radar odometry in two types : scan-
matching-based approaches and direct single-scan estima-
tion.

In the first type of approach, registration algorithms. In
[11], a radar pose-graph SLAM using the classic ICP algo-
rithm is presented. Zhang et al. [12] proposed a generalized-
ICP (GICP) algorithm which uses plane-to-plane matching
between radar keyframes. In [13] a 2D two-way weighted
ICP algorithm is presented to estimate 2D pose. In [14], a
Normal Distribution Transform (NDT) based scan matching
is proposed to estimate relative motion in an Unscented
Kalman Filter (UKF) framework.

Considering single-scan-based estimation [14]-[16] uses
the information given by the observation angle and the radial
velocity of multiple targets in a scan to instantaneously
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Squares(LSQ) to estimate the 2D twist that is integrated to
get the 2D motion. Doer and Trommer [18] integrated this in
an Error-State Extended Kalman Filter (ES-EKF) fusing 3D
twist from the radar with Inertial Measurement Unit (IMU)
data. Park et al. [19] presented a 3D pose graph multi-radar
inertial odometry. Finally, in [20], Huang et al. proposed a
factor graph-based multi-radar inertial 3D odometry.

Some solutions combining both techniques have also been
studied. In [21], Zhuang et al. proposed a 4D radar inertial
odometry and mapping solution based on an iterative Ex-
tended Kalman Filter which fuses ego-velocity estimation
and scan-to-submap matching for state update. In [12], the
ego velocity estimation is used to remove dynamic objects
to use pre-processed scans during the matching part. In [13],
the 2D velocity estimation is used to rectify the translation
of sampled scans to improve matching performance.

Finally, in [22], Kubelka et al. propose a comprehensive
study questioning the need for scan-matching versus single-
scan estimation in radar odometry. The conclusion is that
it depends highly on the radar used (radial velocity accu-
racy), on the scenario (parking, mine or forest) and the
computational capabilities of the used system. The single-
scan estimation will rely only on angle and radial velocity
information. It will use the radar like a proprioceptive
sensor as it is estimating an ego-motion by integrating an
estimated velocity. Therefore, the accuracy is dependent on
the accuracy of the radial velocity and the estimated pose
will necessarily drift over time. On the other hand, scan
matching based methods uses range and angle information.
Its operability depends on the ability of the sensor to track
targets over scans to estimate radar’s relative transformation.
If loop-closure is implemented [12], [21], it can remove
the drifting issue but it comes at the cost of increased
computational complexity.

While many state-of-the-art solutions rely on IMU and
the use of optimization for ego velocity estimation, our fully
filter-based algorithm uses an Implicit Extended Kalman
Filter to predict each target’s radial velocities based on their
angle of arrival and the vehicle states [v, w] to estimate its 2D
trajectory. We propose a robust matching- and tracking-free
approach that does not rely on additional IMU sensors.

B. Calibration

The calibration corresponds to the ability to estimate trans-
formation parameters from one sensor to another one or the
vehicle reference frame. In terms of radar calibration, several
works were presented relying on the use of reflective corners
that are convenient for data association through consecutive
scans coming from one radar or between multiple sensors
[23]-[25]. Recently, target-less methods have been presented,
facilitating the calibration process. Doer et al. [26] included
in their radar-inertial odometry an online estimation of the
3D extrinsic parameters of the radar. In [27], a 2D calibration
of radar pairs is presented, it relies on batch optimization of
the fusion of estimated velocities by each radar and estimates
the translation up to the scale and the rotation between two
radars. Recently, in [28] and [29], Chen et al. submitted

a spatiotemporal 3D targetless calibrator estimating the 3D
extrinsic parameters between one or multiple exteroceptive
sensors (camera, lidar, radar) and at least one IMU.
Whereas many of the calibration methods presented are
based on an IMU, we propose in this paper a radar-only
approach. Our approach consists of a multi-radar-vehicle
calibration. It follows a two-step procedure with, first, an
unknown 2D trajectory which allows estimating each radar’s
extrinsic angle. Secondly, a pure rotational motion where the
knowledge of the baseline (inter-distance) between the two
radars is needed to estimate the extrinsic translation as a
sensor bench-vehicle calibration. Our solution is targetless,
fully filter-based and dedicated to skid-steering vehicles.

III. RADAR ODOMETRY ANS STATE ESTIMATION

A. Observation model

In the case of mono radar navigation, a minimum of three
static detections is needed to estimate the vehicle velocity
[16]. As illustrated in figure 1, the radial velocity of the
detected static targets (measured by the Doppler effect)
corresponds to the projection of the radar velocity V° in
the direction of observation o;;. Thus, we can express the
radial velocity V”] associated with detection j obtained by
radar ¢ observed in the direction oy;; (see equation 1).

(D

5 T COS (g5
Vg =Vol | =
" sin oy

From multiple observations, the optimal radar speed vSs*
can be obtained by least squares minimisation as shown in
Equation 2. Note that an additional step to deal with outliers
(potential moving objects or wrong detection) is required.
One can use outlier rejection using RanSaC [17], [18], or by
performing a weighted least square [16].

(VS;*) = arg min Z(ij - Vr,ij)2 2
(vs) \J

By knowing the pose of the radar in the vehicle frame,
the radar’s velocity V5 is provided by the equation 3.

0 loi
VI =RyB) | VE+| 0 | x| L], @
wk 0

An Ackermann or a skid-steering vehicle, admits no
sideslip meaning a null lateral velocity (VyR = 0). Thus, from
(1) and (3) we can write the measurement model linking the
state of the vehicle with the observed radial velocities as:

Viij = (vl = wfly5) cos(B; + aig) + wlily i sin(B; + i)
= (vl — wll, ;) cos(¢; ;) + W, ; sin(¢ ;)
4)
with v and wf the linear and rotational velocities of the
vehicle and [I,;,1,, 8] the radar’s extrinsic parameter.
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Fig. 1: Frame convention - in black robot frame, in red sensor
frame

B. State Estimation

The proposed radar-odometry consists of estimating the
state of the vehicle from single or multiple radar sensors.
For such applications, an Implicit Extended Kalman Filter
(IEKF) has been employed in which the state of the vehicle
and the extrinsic calibration of the system is estimated. In
the next section, the state and measurement models used in
the IEKF are described. Then the calibration process will be
presented.

1) Odometry:

State Model: The state of the system is composed of the
2D pose of the vehicle [z,y,6] and its linear and angular
velocities [v,w]. The global state at time k related to the
vehicle to be estimated is then:

Tp = [:8, y,0,v, W]T

The behaviour of the system is supposed to be modelled
by a Constant Velocity and Turning Rate (CTRV) model.

Measurement Model: As explained in the section III, the
radial velocity of each target can be estimated from its angle
of arrival (eq .1). It can be clearly seen that the radial velocity
calculation is dependent on the angle of observation. Such
formulation of the observation model is implicit (some ob-
servations are dependent on other observations). We then use
classical IEKF equations in order to compute the innovation
and its associated covariance according to equation 5:

Y = Vr,k —h (i'k\kfh ak) = Vr,k - Vix )

Sy = Hg y Py Hy + Ry, i + HopRo nHof,

with the observation function h given by equation 4 and
H, and H, are respectively the Jacobians of this h function
relative to the angle of arrival and the vehicle state.

2) Odometry With Autocalibration: The observation func-
tion 1 requires the knowledge of the extrinsic calibrations of
the radars: j3; the sensor orientation and [I’, l;] the position
of the sensor ¢ in the vehicle frame.

One of the solutions would be to estimate online the
calibration parameters and to consider an enlarged state
vector such as:

zp = [z,y,0,v,w,Cy...ChT

with C; = [l5 3,1y, 3] the extrinsic calibration (position
and orientation) of the radar ¢ in the vehicle frame.

Nevertheless, a full online radar-vehicle calibration is not
possible as Ho the Jacobian of the measurement model with
respect to the considered observables, given in equation 0,
is rank deficient. The linear relations between the Jacobian
columns is given in equation 7 and 8.

OVe1 OVe1 9Vea 0
ov ow ocy ¢
Ho=| i & & o (®)
OVin OVin 0 OVyn
ov Ow oC,
Vi
5y = cos(1)
Vi )
o = —lyicos(¢i) + loisin(di)
8Vri .
s = wsin(¢;)
Vi
et = —wcos(d)
8Vri -
B —(v = wly,i)sin(di) + wly icos(¢i)
oV, _ A AV,
Wow = 2ilwigr T lyigr s 7
oh _ dh
—wl =y, o (8)

Equations 7 and 8 mean that the influence of a variation
on v, w and I ; I, ; are ambiguous and cannot be isolated.
While the odometry can be performed in the mono- or
multi-radar case, the calibration cannot be done considering
only one radar. Indeed, using one radar, we cannot estimate
simultaneously v,w and S due to the rank deficiency of
the Jacobian of the measurement with respect to these
observables. Therefore, we will consider the multi-radar-
vehicle calibration problem. To solve it, we propose to realise
the estimation in a two-step manner: first by estimating the
sensors’ orientations and then the sensors’ positions.

3) Estimation of sensors orientations: Using at least two
radars, the Jacobian of the observation model (eq. 4) wrt.
[v,w,B1, ..., Bn] is of full column rank, which makes it
possible to estimate the extrinsic angle of the radars even
with a very poor a priori knowledge of their position.

4) Estimation of the radars’ lever-arms: First, to lever-
age the rank deficiency due to (7), we propose to
use two radars with a known inter-distance in a sen-
sor bench configuration. By knowing the baseline b =
\/(ZIJ —lz2)% + (Iy1 — ly2)?, we can add it as a measure-
ment to our observation model, we then have Hp as written
in equation 9:

OV, OV, OV, 0V, OV, 0OV.

. a'U 6w Blm,l Bly,l alw,g Blyyg
Ho = 0 0 @b 9 9 b ©)

Blz 1 8lw72 Blm,g alyg

Secondly, even with the described configuration, the
equation 8 still remains true. Considering a pure rota-
tional trajectory, we can remove v from our estimation.
As a result, we have the following state vector: zj =
[0, w,lz.1,0y.1,1z2,1y2] with Jacobian of the measurement
model with respect to [w, .1, 1y.1, 2,2, ly,2] Which is now in
full column rank.
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IV. SENSOR PLACEMENT AND OBSERVABILITY
ANALYSIS

A. Principles

To mount two radar systems on a vehicle, it is of main
concern to have a good sensor positioning. This is even
more true for radars measuring Doppler which represents
the apparent radial velocity.

To find the best sensor poses, the method presented in [16]
is used. The observability of the state vector is evaluated
thanks to the determinant of the information matrix which
allows us to detect every non-observable configuration. The
information matrix Z can be computed with equation 10:

T = HSRHo

(10)

with Hp, H,, respectively the Jacobians of the measure-
ment model concerning the considered observables and to the
azimuth angle of each detection and Ry, , R, respectively the
covariance matrices of the radial velocity and azimuth angle
measurements.

B. Experimental setup and results

To find the optimal sensor placement, we will compute |Z|,
the determinant of the information matrix, for each possible
radar pose. For this theoretical study, we consider that each
radar admits detections that are uniformly distributed in their
field of view (FOV) and that each radar is placed around
the vehicle as depicted in figure 2. The mounting poses
are indexed from O to 8. The vehicle is a skid-steering
rover with length L = 0.65m and width W = 0.3m, we
based the measurements parameters on TI AWR1843 radar’s
specifications using Ry, = 0.02m/s, R, = 3deg [30] and
FOV, = +50deg (based on 6dB-beamwidth). The results
of observability analysis are shown in figure 3. Each plots
are the results of the computation of |Z| at each pose for
one radar (a) and two radar (b,c,d). Plots (a,b) correspond
to the observability of [v,w] with the knowledge of the
extrinsic calibration. In plot (c), the considered observables
are [v,w, B1, B2]. Finally, plot (d), shows the observability
in the zero velocity scenario estimating (w,ly,ly,, sy, ly,]
having the knowledge of the baseline and the extrinsic
angles. We computed |Z| with several values of w centered
on 0 and kept the minimum value to take into account the
vehicle’s motion. For plots (a,b,c), we used V,, = 1.5m/s
and w € {—0.3,0,0.3} and the same (d) except w = 0.

In plot (d), since a lot of cells are equal to zero and that
the accuracy of calibration has an impact on the accuracy of
motion estimation, we propose a final metric for observability
which corresponds to the element-wise multiplication of plot
(b), (c) and (d). By doing this, we will first avoid the
configurations where calibration cannot be performed and
find the sensor placement that provides the optimal trade-off
between motion estimation and calibration. The result of this
metric is given in figure 4 and the resulting optimal sensor
placements pairs are depicted in figure 5.

Xrobot

7.5 1 15

Fig. 2: Mounting poses indexing

C. Sensor Placement results

These results can mainly be explained by two factors: the
lever arm and the angle of observation: First, the bigger the
lever arm, the better the observability. Second, in the multi-
radar case, to maximize the observability, it is necessary to
diversify the angle of observation. In the mono-radar case, if
w is positive, the optimal placement poses are 2 or 7, while
if it is negative, the poses are 3 or 6, so the central poses that
are 2.5 and 6.5 appears as a trade-off. In the mono radar case,
the angle of observation is a trade-off , while in the multi
radar case, we need to diversify the angle of observation of
each radar.

An interesting point that justify the use of the proposed
metric, is that the global maxima poses of observability of the
velocity estimation (plot b), corresponds to global minima
of the orientation estimation (plot c¢). The resulting optimal
sensor placement in figure 4 correspond to local (plots b and
d) or global (plot ¢) maxima in each scenarios. Finally, it is
important to take into account that these results are highly
dependent on the used parameter, i.e. the angle and radial
velocity accuracies, the FOVs and the size of the vehicle.

V. ODOMETRY AND CALIBRATION RESULTS

Simulations were conducted using Matlab Driving Sce-
nario to create a realistic environment and a 120-meter
trajectory. We used same parameters as presented in section
IV-B, with a radar frequency of 10Hz. Extensive research
on ego-motion velocity estimation based odometry has been
carried out via simulations [18], [31]. The performance
is influenced by the number, quality, and proportion of
static versus moving targets, as well as sensor settings and
trajectory parameter. In this study, we focus on the calibration
process and its effect on odometry accuracy. We present first
the calibration evaluation in the optimal sensor placement
configuration. Then, we compare the odometry accuracy
using the ground-truth calibration and with our estimated
calibration.

A. Radar sensor Calibration Simulation

The proposed experimentation of the calibration consists
first by doing an unknown trajectory with noised extrinsic
parameters on the lever-arm : oy, = 0.2m, and on the
extrinsic angles 8 with two different level of noise: opi4n =
20deg and oy, = Hdeg and estimate the orientation of
both radars. Then, to calibrate the lever-arm of the radars

w.r.t the vehicle reference frame, for this second step we use
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Fig. 3: Values of |Z| are depicted on y-axis of plot (a) and with color on others. x-axis represents poses of sensor 1. On
plots (b),(c) and (d) poses of sensor 2 are on y-axis. Plots (a) and (b) corresponds to velocity estimation for mono- and
multi-radar. Plots (c) and (d) represents respectively the observability of orientation and lever-arm estimation.

Odom w/ GT calib w/ est. calib o, w/ est. calib o
trans(m),rot(deg) t(m),r(deg) t(m),r(deg)

RPE [1.08,0.15] x 102 [0.23,0.31]  [0.21,0.31]

APE [1.08,0.07] [12.11,16.37]  [7.31,16.7]

In simulation, the odometry and the proposed calibration
have shown promising results considering both the noise
level on the extrinsic parameters and the accuracy of the
radar used. Also, the low level of motion excitation has an
impact on its quality.

Fig. 5: Optimal sensor
placements poses pair
depicted in orange

S

Fig. 4: Minimums of observability
by element-wise multiplication C. Calibration Using Real Data

Following the same protocol used previously in sim-

the estimated radars orientations and the same noise on the  ulation, we tested the calibration with two radars, a TI
radars’ positions, and we perform a pure rotational trajectory. AWRI1843 and a TI AWRI843AOP, both mounted on a
We performed 100 runs to compute Root-Mean Square Error ~ Tover. The sensors were running at 20Hz. The configu-
(RMSE) of the estimated variables. The results obtained are rations used for both radars correspond t0 Qs 1843 =

depicted in the following table: 15 deg, ares,1s4340p = 30deg, Vryes = 0.08m/s. For the
Orientation Position update, the measurement noise is based on the theoretical
[B1, B2](deg) o 1ly1s o2, Ly 2] (m) resolution of the sensor and the Signal to Noise Ratio (SNR)

) z,1by,1s b2, by,

RMSE onign [2.26,2.33]  [9.4,14.4,0.5,14.3 x 103 ©f the target, using 0y = 2yes/VSNR with x € {o, Vr}.
RMSE o, [1.38,1.12] 8.5,9.2,7.8,7.7] x 103 The radar mounting poses correspond to the configuration
o : —— [2,5] shown in figure 2. The a priori calibration has been

Note that in both noise case, we obtain a calibration  get, for the extrinsic angle estimation, to C; = Cy = [0,0,0],
accuracy that is better than the direction of arrival accuracy  and for the position estimation, to (lz,1y]1 = [0.1,—0.1] and

of the sensor (< 3 deg) even considering a poor initial lever- (7, 7 1, = [~0.1,0.1]. The initial standard deviation of the
arm kno'w.ledg.e..Con.Slfiermg the positioning of the sensor,  calibration was defined as 10deg and 0.1m for the angle
the precision is in millimeter. and position. The outlier rejection used consists in a x? test

on the Mahalanobis distance associated to each target. The
results of the angle and position calibration are depicted in
figure 6 and 7 respectively. We can see that the estimation
of extrinsic parameters converges rapidly to relevant values
considering the mounting poses. We ran angle calibration on
several datasets and it always converged around these angles.
The translation estimate depends on the defined baseline, but

B. Application to Odometry Simulation

We will present the odometry results first using the ground
truth calibration and then using the estimated calibration.
We computed Relative Pose Error (RPE) and Absolute Pose
Error (APE) between the ground truth poses and the one
estimated by the odometry in both cases. For the odometry

with estimated calibration, we performed 100 runs with a .. .. . .
also converges to positions in line with the configuration.

E(;/ISSEIGVZI 01_11 tge extgnsu; p ar}?meltcers co;;resp on;hng to tEe The final calibration values are C; = [0.37,—0.17,0.087]
s detailed previously, therefore, the results are the 4~ [-0.34,0.15, 1.503)].

mean RPE and APE over 100 runs.
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VI. CONCLUSION

This paper presented both a radar odometry and a calibra-

tion

algorithms. First, we detailed our mono- or multi-radar

odometry using an Implicit Extended Kalman Filter based

on €

g0 velocity estimation principles. Then, we proposed a

filter-based, target-less multi-radar-vehicle extrinsic calibra-

tion

algorithm. We suggested an observability analysis used

to determine a trade-off sensor placement. Then, we detailed
the simulations done on both odometry and calibration algo-
rithms showing that the system calibrates itself and achieves
good localization performances. Lastly, we gave some first
results on the calibration estimation. In future works, we
would like to use the range information provided by the radar
to leverage the need of an a priori knowledge on the baseline

and
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