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for Robust Vehicle Ego-Motion Estimation
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Abstract—This article studies the problem of estimating the
2-D motion state of a moving vehicle (ego motion) using
millimeter-wave (mmWave) automotive radar sensors. Unlike
prior single-radar or synchronized radar systems, the proposed
approach (named DeepEgo+) can achieve sensor fusion and esti-
mate ego motion using an unsynchronized radar sensor network.
To achieve this goal, DeepEgo+ combines two neural network
(NN)-based components (i.e., Module A for motion estimation
and Module B for sensor fusion) with a decentralized processing
architecture using the late fusion technique. Specifically, each
radar sensor in the network has a Module A that processes its
output and computes an initial motion estimate, while Module
B fuses the initial estimates from all radar sensors and outputs
the final estimate. This novel architecture and fusion scheme
not only eliminates the synchronization requirement but also
provides robustness and scalability to the system. To benchmark
its performance, DeepEgo+ has been tested using a challenging
real-world radar dataset, RadarScenes. The results show that
DeepEgo+ provides significant performance advantages over
recent state-of-the-art approaches in terms of estimation accu-
racy, long-term stability, and robustness against high outlier
ratios and sensor failures. Furthermore, the influence of vehicle
nonzero acceleration on ego-motion estimation is identified for
the first time, and DeepEgo+ demonstrates the feasibility of
compensating for its effect and further improving the estimation
accuracy.

Index Terms—Automotive radar, deep learning, ego-motion
estimation, radar point cloud, radar sensor network.

I. INTRODUCTION

VER the past decade, millimeter-wave (mmWave)

multiple-input—multiple-output (MIMO) radar has grad-
ually become one of the indispensable sensors for self-driving
vehicles and advanced driver-assistance systems (ADASs) [1].
Compared with other sensors, this type of radar has unpar-
alleled advantages for automotive applications. For example,
unlike optical sensors such as Lidar and camera, automotive
radar is less sensitive to illumination and weather conditions
[2]. In addition, it has lower power consumption, more afford-
able price, and is more compact than the “Lidar-like” scanning
radar [3]. Furthermore, for detected objects, automotive radar
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can provide direct measurements of their range, azimuth
angle, elevation angle, radial velocity, and radar cross section
(RCS) [4]. Among many different radar applications and
functionalities in the autonomous driving pipeline [5], vehicle
ego-motion estimation and related self-localization are among
the promising tasks that automotive radar can contribute to.
Conventionally, vehicle motion information can be monitored
through odometry sensors such as wheel encoders, inertial
measurement units (IMUs), and global positioning systems
(GPSs). However, these sensors are subject to a range of
effects, including IMU drifting, wheel slippage, or multipath
reflections [6], [7], [8]. Therefore, to compensate for the
limitations of odometry sensors, many studies have developed
ego-motion estimation methods based on other sensors such as
cameras and Lidar [9]. Despite these sensors providing excel-
lent localization performance, they are often very demanding
on computing resources due to their high resolution [10], not
to mention their critical shortcomings discussed earlier.

The above arguments make automotive radar a stronger
candidate for vehicle ego-motion estimation. Radar-based
methods usually estimate vehicle motion using the measured
range, azimuth, and radial velocity of detected stationary
objects (inliers). However, the performance of such methods is
hampered by several shortcomings of radar sensors. For exam-
ple, due to their low spatial resolution, radar point clouds are
typically sparse and contain less geometric information about
the sensed environment [11]. Therefore, directly matching
consecutive radar point clouds (such as for localization meth-
ods developed for optical sensors [12]) rarely achieves good
results, and customization and heuristics are often required
[13]. Furthermore, the quality of radar data used for ego-
motion estimation is susceptible to phenomena such as false
alarms, multipath reflections, RCS fluctuations, and detection
of moving objects in the scene [14]. These effects can produce
a large number of detections that are not from stationary
objects (i.e., outliers) and thus confuse motion estimation
methods. To address this issue, recent studies [15], [16],
[17] use random sampling techniques such as the random
sample consensus (RANSAC) [18] or its variants [19], [20],
[21]. However, these techniques are often iterative, inefficient,
susceptible to high outlier ratios, and unable to distinguish
slow-moving objects due to binary thresholding.

Recently, a neural network (NN)-based method, named
DeepEgo [22], was proposed to deal with the above lim-
itations. In addition, unlike other NN-based methods [23],
[24], [25], DeepEgo can directly process multidimensional
radar point clouds without introducing quantization errors.
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To benchmark, DeepEgo was evaluated using a challenging
real-world radar dataset, RadarScenes [26], and the result
demonstrates its superior performance compared to previ-
ous studies in terms of estimation accuracy and robustness.
Even so, there are still some aspects of DeepEgo that can
be further improved. First, DeepEgo is designed for single-
radar scenarios, while today’s cars are usually equipped with
multiple unsynchronized radar sensors (i.e., forming a radar
sensor network). It is, therefore, worthwhile to investigate
what benefits sensor fusion can bring to ego-motion estimation
and how fusion with unsynchronized radars can be achieved
while still maintaining the advantages of DeepEgo. Second,
even if DeepEgo proposed a novel loss function to supervise
model training, it is not robust to low-quality training examples
(e.g., radar point clouds associated with incorrect true vehicle
motion or radar point clouds with almost no inliers). Last
but not least, DeepEgo relies on radial velocity measurements
of inliers to compute vehicle motion, but the impact of
vehicle acceleration on radial velocity estimation has not been
identified, let alone the relevant remedies for this.

To fill the above gaps, this study proposes a novel NN,
named DeepEgo+, for vehicle ego-motion estimation using
an unsynchronized radar sensor network. To the best of the
authors’ knowledge, compared with all previous studies such
as [3], [20], [22], and [27], the proposed method provides the
following advantages.

1) Unsynchronization: To work with unsynchronized
radars, DeepEgo+ uses a decentralized signal processing
architecture. The output of each radar node is first
processed independently before implementing sensor
fusion. To the best of the authors’ knowledge, this is
the first work in the field of radar-based ego-motion
estimation working with fully unsynchronized' radar
sensor networks.

2) Robustness: Several modifications to the original loss
function of DeepEgo [22] are proposed to improve its
robustness to low-quality training examples. In addition,
the designed decentralized architecture with the late
fusion approach [28] further enhances its robustness
against situations such as sensor failure’ or erroneous
radar node output. Furthermore, DeepEgo+ shows sig-
nificant improvement over previous studies in terms of
robustness to data with high outlier ratios.

3) Acceleration: Although this is not one of the primary
goals, DeepEgo+ demonstrates for the first time in the
literature its ability to offset the impact of the vehicle’s
nonzero acceleration on ego-motion estimates after point
cloud generation, and the normalized cross correlation
(NCC) between estimation error and vehicle acceleration
becomes 3.5 times smaller than the previous art, thanks
to the proposed temporal NNs.

In addition to the above contributions, DeepEgo+ also
inherits all the advantages of the previous DeepEgo model
[22]. Furthermore, DeepEgo+ is tested using the challenging
RadarScenes dataset [26], which is the same dataset used to

'Unsynchronized here means that the radar sensors in the network are not
synchronized, i.e., the time intervals between individual radar outputs are
uneven, and the radar transmitting and receiving operations are not ordered.

2Sensor failure is denoted as a condition when the radar sensor stops
functioning properly or temporarily fails to provide accurate data.
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measure the performance of DeepEgo and six other works [3],
[251, [271, [29], [30], [31] selected from the literature.’ Last
but not least, a set of novel evaluation metrics and visualization
tools are presented to gain a comprehensive understanding
of the performance of DeepEgo+. Compared with previous
works, DeepEgo+ shows a significant improvement in terms of
estimation accuracy, long-term stability, and robustness against
high outlier ratios and sensor failures.

The rest of this article is organized as follows. Section II
presents an overview of existing research on the topic.
Section III presents the detailed design of DeepEgo+. In
Section IV, the performance of DeepEgo+ is measured using
different evaluation metrics, and other approaches found in the
literature are also tested as a comparison. Finally, Section V
offers conclusions and outlines directions for future studies.

II. RELATED WORKS

This section provides an overview of the prior work in
the area of vehicle localization with automotive radar and
sensor fusion with automotive radar in Sections II-A and II-B,
respectively. After that, a summary of the literature study is
provided in Section II-C.

A. Vehicle Localization With Automotive Radar

In general, approaches for radar-based vehicle localization
can be divided into two categories, namely scan-matching
methods [3], [13], [30], [32], [33], [34], [35], [36] and instan-
taneous methods [22], [27], [37], [38], [39], [40], [41]. The
main difference between these two types of methods lies in
the characteristics of the radar data used for localization.

1) Scan-Matching Methods: The fundamental idea behind
the scan-matching method is to analyze the relative Euclidean
transformation between consecutive radar point clouds [32].
It is similar to the approaches that have been widely used
for camera- and Lidar-based localization [42]. Scan-matching
methods have shown promising performance on scanning
radars [43]. However, due to low resolution and RCS fluc-
tuation issues, adaptations become necessary for processing
automotive radar data. For example, hard data associations
between point clouds have been replaced by soft associations
through normal distribution transform (NDT) [29], which
represents each radar point or cluster as a Gaussian distribution
[13], [32]. Measured radial velocity and returned power have
been utilized to improve localization accuracy and mitigate the
impact of false alarms [3], [30]. Moreover, a complex noise
model has been added to the objective function [34], in order
to reduce local maxima caused by the summing approxima-
tion [30]. Despite these efforts, scan-matching methods for
automotive applications still have some limitations. First, scan-
matching methods are usually based on optimizations, which
requires good initialization and iterative processes. Second,
due to the addition of heuristics, these methods often contain
many manually tuned parameters that cannot be adjusted by
themselves to adapt to complex driving scenarios. Last but not
least, these methods can theoretically encounter “tunneling”
effects when the radar is not facing forward. In this case, there
are large, dense radar point clouds from nearby road curbs and
vegetation that do not move between frames [22].

3The DeepEgo paper [22] presents in more detail the performance of these
six previous studies on the RadarScenes dataset.
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2) Instantaneous Methods: Instantaneous methods exploit
the fact that, at a given azimuth, the measured radial veloc-
ity of a stationary object can be determined by a linear
transformation of the vehicle’s own motion. Therefore, the
main objective of these methods is to locate detections orig-
inated from stationary objects (i.e., inliers). After finding all
inliers, the vehicle ego motion can be calculated by linear
regression. Compared with scan-matching methods, instanta-
neous methods do not require multiple-radar frames (hence,
“instantaneous”), avoid performing data association in sparse
radar point clouds, and are less affected by RCS fluctua-
tions. However, real-world radar data usually contain a large
number of outliers, which makes locating inliers a nontrivial
task. To address this issue, the RANSAC approach [18] was
introduced to reject outliers before implementing regression
[27], [37]. Powered by RANSAC, instantaneous methods have
been the standard for ego-motion estimation in various radar
applications for a decade [33], [40], [44], [45]. However,
instantaneous methods with RANSAC still have some draw-
backs. First, these methods can only use azimuth and radial
velocity measurements to identify outliers, but previous studies
[3], [22] have shown that other object characteristics (e.g.,
measured return power and range) can also help reject outliers.
Second, these methods imply iterative procedures and some
parameters that need to be adjusted according to the current
outlier ratio, which makes real-time ego-motion estimation a
challenging task. Third, they assume that inliers are in the
majority, which makes them susceptible to scenarios with high
outlier ratios. Finally, they use binary thresholding to deter-
mine inliers, which makes them vulnerable to slow-moving
objects that may be misclassified as inliers. As an alternative to
RANSAC-based methods, an NN-based instantaneous method
named DeepEgo [22] was recently proposed.* Instead of using
RANSAC, DeepEgo directly processes multidimensional radar
point clouds using NNs to extract complex spatial features
and estimate point weights, which are then used for weighted
regression. Although DeepEgo can effectively address the
above limitations of instantaneous methods, there are still
several aspects that can be further improved. First, today’s
vehicles are often equipped with multiple radars that can pro-
vide different perspectives of the scene and potentially improve
estimation accuracy and robustness [46]. However, DeepEgo
only works for a single radar, and it is unclear how to fuse data
from multiple-radar sensors, especially when the sensors are
unsynchronized. Second, as mentioned earlier, the success of
instantaneous methods relies on accurate measurements of the
inliers’ radial velocity. However, the nonzero acceleration of
the vehicle can introduce inconsistent Doppler phase shifts,
which leads to a wider Doppler frequency range and thus
inaccurate radial velocity estimation [47]. Finally, DeepEgo
proposes a novel loss function to supervise the network to
learn how to assign weights to inliers and outliers. However,
that loss function is not robust to the imperfections of real-
world training data. For example, the training sample may be
associated with a wrong ground truth, or the training sample
may be in practice useless if no inliers are detected by the
radar.

4As reported in [22], DeepEgo achieved a 51.2% improvement in translation
velocity RMSE and a 49.8% improvement in rotational velocity RMSE,
compared to the RANSAC-based instantaneous method.

B. Sensor Fusion With Automotive Radars

Perception sensors are key to achieve full automation in self-
driving cars. As discussed in Section I, different sensors have
different advantages and disadvantages. However, even for the
same type of sensor, different configurations and mounting
positions will also cause differences. Thus, the main objective
of sensor fusion is to combine the data to overcome the
limitations of individual, independent sensors [48]. To achieve
sensor fusion, usually, two design choices need to be made,
namely, fusion architecture and fusion technique.

1) Fusion Architecture: According to the sensor type,
fusion architectures can be divided into heterogeneous sensor
fusion (HTSF) [49], [50], [51], [52], [53], [54], [55] and
homogeneous sensor fusion (HMSF) [37], [56], [57]. HMSF
focuses on fusing the same type of sensors, while HTSF
considers fusing radar with other sensor modalities such as
IMU [25], [49], [51], [54], [55], camera [50], or Lidar [53].
Judging from the amount of literature, HTSF appears to have
received more attention than HMSF. This is because HTSF
can combine the advantages of different types of sensors
and overcome their respective weaknesses. However, HMSF
offers better scalability than HTSF, which makes it relatively
straightforward to add more sensors to the system. In addition,
by fusing multiple radars, HMSF improves the overall signal-
to-noise ratio and uses redundancy to increase reliability.
Furthermore, future autonomous vehicles are likely to have
greater sensor redundancy, meaning there may be multiple
sensors of the same and different types [58]. Therefore, it is
also necessary to study HMSF and realize that future fusion
architectures can be hybrid, where HMSF can first simplify
the complexity of data integration and reduce computing
power, and then HTSF combines the advantages of different
modalities.

2) Fusion Technique: Fusion techniques determine at what
point of a data processing chain the sensor data are fused.
These techniques can generally be divided into early fusion
[37], [57], halfway fusion [25], [50], and late fusion. Early
fusion combines sensor data at a very early stage, such as [37]
fusing multiple-radar point clouds to estimate the vehicle ego
motion. Halfway fusion performs fusion at an intermediate
stage, for example, work [25] uses different NNs to extract
features from radar and odometry sensors separately and then
fuses them. Late fusion combines the final output of each
sensor after processing the data from each sensor separately.
Therefore, it is clear that the later the fusion occurs, the
less information is preserved. However, this also means that
early and halfway fusion can be computationally expensive.
Moreover, in order to fuse data at an early stage, early and
halfway fusion usually requires good sensor synchronization
[37] or restrictions on radar configuration and mounting loca-
tion [56]. In contrast, late fusion is more robust to sensor
failures than other fusion techniques because each sensor is
processed independently, making it a preferred choice for
safety-critical applications. Furthermore, the computational
cost of late fusion techniques increases linearly with the
number of sensors.

C. Summary

Based on the literature study, the following conclusions can
be drawn. First, instantaneous methods show better potential
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than scan-matching methods, especially the recently proposed
DeepEgo [22]. However, to work with future sensor networks
and handle complex driving scenarios and challenging radar
data, DeepEgo+ combines loss function updates, decentralized
architecture, and improved robustness to address the identified
gaps. Second, although HTSF has received more attention
than HMSF in the literature, future fusion architectures may
require both HTSF and HMSF, which makes the current study
meaningful. Finally, for driving safety and for unsynchronized
radar sensor networks, it is better to use late fusion instead of
other fusion techniques.

III. METHODOLOGY

This section presents the design of the proposed method
DeepEgo+ for vehicle ego-motion estimation using multiple
unsynchronized automotive radars.

A. Problem Formulation

This article focuses on the problem of estimating vehicle
2-D ego motion using unsynchronized radar sensors in real
traffic scenarios. Given an unsynchronized radar sensor net-
work mounted on a moving vehicle, assuming that each radar
has a linear array and the vehicle is not sliding sideways, after
signal preprocessing [59], each radar outputs a multidimen-
sional radar point cloud PEM, where ¢ is the global timestamp,
i is the radar index, L is the number of radar points, and M is
the number of measured object features. Assuming that PrLfM
contains no outliers, given the measured radial velocity df,i and
azimuth angle af’i (i.e., M > 2), the following equation holds:

1 1 (]
~d}; cos (a},) sin(e};) e
sol=] o .[V;jgt] 1)
_dt,i Cos (a't,i) sin (at,i) o
where v*# and v*¥' are the ground truth 2-D motion compo-

nents of the radar in radar coordinates. Equation (1) can be
simplified as
Dyi=Ay- V. )

To estimate Vtg; , the least-squares method (LSQ) can be used

-1
Vit = (ALAL) - ALDy. 3)

i

However, real-world radar data contain a large number of
outliers that affect the LSQ solution. Conventional instanta-
neous methods use RANSAC to address this issue, while the
recent work DeepEgo [22] suggests to use the weighted LSQ
(w-LSQ)

€S| vxi €S| -1 €Sl
Vi = |:v§7:| = (ALWAL) AW Dy 4)
t,i
w0 0
ws=| 0 - 0 |. (5)
O O WL,CS[

i

Wit is a diagonal matrix with L weights estimated by
DeepEgo. Given the radar motion, the vehicle ego motion V3,
can be computed by

Vest

tecar —

(6)

Wy

pr] | Viscos® - v, $in(6;) + yiw,
(v); cos (6;) 4 vi; sin (6;))

1
Xi
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where v; is the vehicle translational velocity; w; is the rota-
tional speed; and x;, y;, and 6; are the mounting position and
angle of the ith radar with respect to the center of the vehicle.
Based on the sensor network, given T consecutive timestamps,
(6) can deliver T vehicle velocity estimates

{Vest Vest o, est } (7)

l,car> ¥ 2,car> T,car

However, it is worth repeating that the above velocity
estimates can be inaccurate due to the issues mentioned in
Section II-A. To further improve this, as concluded in Sec-
tion II-C, HMSF with the late fusion technique can be applied.
Since the vehicle motion has temporal correlation across
frames, the Kalman filter (KF) [60] can be used as one of the
alternative solutions to fuse these motion estimates. Assuming
a linear motion model and additive Gaussian perturbation, the
process model and measurement model can be expressed as
follows:

q: ~ N, Q)
rr ~ N(O,R;) ¥

X = Fixio1 + gy,
i = Gixp + 11,

where x; is the vehicle kinematic state, y, is the velocity initial
estimate V73, from (7), F; is the transition matrix, and G,
is the measurement matrix. g; and r, represent the process
and measurement noise, respectively. In addition, g; and 7, are
assumed to be white, independent, and Gaussian distributed
with covariance matrix Q; and R,. Therefore, according to [61],

the vehicle motion can be computed through
fCtlz—l = thc,_”,_l
Hiy = FtHz—l,z—lF;T + 0O
K, = Hz,z—lG;T (Gth,t—leT + Rz)_l
)’etlt = 55t|t—1 +K; (}’t - Gt)%ﬂt—l)
Hl,t = (I - Kth) Ht,t—l (9)

where %41 is the predicted state estimate, H,,; is the
predicted estimate covariance, K; is the Kalman gain, X is
the updated state estimate, and H,, is the updated estimate
covariance. In order to compute X, it is essential to know F;,
Gy, O;, R;, and y,. While F; and G, can be determined based
on the assumed motion model and timestamps, y; is related
to the point cloud weight W' as in (4), and Q, and R, are
unknown and often require adaptive adjustment.

B. Proposed Architecture Overview

Fig. 1 presents the architecture of DeepEgo+. It is a
decentralized signal processing architecture with two NN-
based modules: Module A for motion estimation and Module
B for fusion. Module A is implemented at each radar node
and, similar to DeepEgo [22], can directly process mul-
tidimensional radar point clouds and output initial motion
estimates. However, with the proposed modifications, Module
A addresses several limitations of DeepEgo. For example, with
the new loss function, Module A is more robust to low-quality
training examples in the dataset. Also, Module A employs
additional NN layers to reduce the complexity of input features
so that it can process data from all radars and share the same
parameters among different nodes. This parameter sharing
significantly reduces the number of training parameters and
keeps the network size constant even if the number of radar
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Fig. 1. Architecture of DeepEgo+. It is a decentralized processing architecture
with two NN-based components, Modules A and B. Each radar has Module
A that processes its output and calculates an initial velocity estimate. After
collecting 7T initial estimates, with late fusion, Module B fuses them and
outputs the update for multiple timestamps (smoothing mode), or the latest
timestamp (filtering mode).

nodes increases. After collecting 7 initial estimates from
Module A, Module B fuses them using the proposed NN-
based KF. The NN-based KF mimics the procedure of the
conventional KF to exploit the temporal correlation in vehicle
motion and provide smoother estimates. The difference is that
it avoids laborious parameter tuning and instead uses temporal
NNs to adaptively estimate the Kalman gain. In addition, as
shown in Section IV-G, the temporal NNs can learn to offset
the effects of nonzero vehicle acceleration. Moreover, Module
B can be used as a smoothing function that provides T velocity
estimates or as a filter that updates the velocity based on the
latest timestamp.

In summary, DeepEgo+ provides an end-to-end solution
for ego-motion estimation using unsynchronized radar sensor
networks. Through a special network design, it addresses
the previous limitations mentioned in Section II. Further-
more, the proposed decentralized processing architecture helps
reduce the computational overhead and improve the run-
time performance by distributing the processing tasks across
multiple-radar nodes. The remainder of this section presents
its design details. Specifically, the modifications that upgrade
DeepEgo [22], which works for single radar and single frame,
to DeepEgo+, which works for multiradar and multiframe, will
be presented.

C. Improved Loss Function

This section presents the proposed modifications for the loss
function of DeepEgo. To guide model training, DeepEgo’s loss
function consists of three parts, namely the motion loss (ML),
Doppler loss (DL), and sample weight (SW). The final loss
function of DeepEgo (FLFpeeprgo) is computed as

FLFDeepEgo =ML+ u-DL)-SW (10)
where ML measures the mean squared error (mse) between

estimated motion and ground truth motion, DL teaches the
model to separate outliers and inliers, u is a predetermined

weighting factor, and SW adjusts the final loss of each training
example. The three parts can be expressed as follows:
ML = [mse (Vi,, Vii°) ..., mse (V5. V§Y)]

DL = [mse (Wf}i, WiY), ..., mse (W%fl., W;S})]

L L
sW = | 30 (wh) .. D0 (wh) (1)

I=1 I=1
where wfft is the ground truth point weight computed based

on Vlg; [22]. Although DeepEgo’s performance relative to
previdus works has demonstrated the effectiveness of its loss
function, there are still several aspects that can be further
improved. First, ML uses mse to measure error, which causes
the model to overfit to large errors caused by extreme or
special cases. Second, by simply summing the weights of
all points, SW advocates focusing on training examples with
low outlier ratios. In fact, examples with reasonably high
outlier ratios are also important to consider, as traditional
instantaneous methods tend to fail in these cases. Third, DL
tries to minimize the squared distance between estimated point
weights to all ground truth weights. Consequently, the model
will also try to match detection points with smaller weights
caused by slow-moving objects. This can bias the final wLSQ
solution and also can lead to overfitting. Finally, FLFpeepEgo
sums ML and DL with a weighting factor u, which can penal-
ize the case when DL is large but ML is small. However, due to
the effect of vehicle acceleration (described in Section IV-G),
after motion filtering and acceleration compensation, DL can
remain large but ML can become smaller. To address the above
issues, the following modifications are thus suggested.

1) The new ML (ML) uses the Huber loss [62] instead
of mse, which is more robust to outlier scenarios.

2) The new SW (SW,y) calculates the mean of all inlier
weights to represent the quality of inliers. In addition,
to completely eliminate the influence of low-quality
training examples (as shown in Fig. 2), SWy.y, is set
to zero when the mean weight or the number of inliers
is below a given threshold.

3) The new DL (DL,.y) measures the mse between the K
points with the largest weights in W' and their actual
weights in th;. In addition, the w-LSQ solution, as
shown in (4) and (5), is computed using the selected
K points instead of all L points.

4) The final loss function of DeepEgo+ (FLFpeepEgo+) 1S
finally a multiplication of MLjew, DLjew, SWhew, and
the weighting term u is dropped

FLFDeepEgo+ = MLpew - DLpew + SWiew- (12)

For simplicity, in the rest of this article, DeepEgo with the
above proposed modifications on its loss function is named
Model VI. Similar to DeepEgo, Model VI estimates ego
motion based on input from the same single radar. However,
a radar sensor network consists of multiple-radar sensors
installed at different locations with different viewing angles.
As illustrated in Fig. 1, to handle the complex input data
features caused by different radar nodes, the next section
proposes several modifications to the architecture and input
structure of Model V1, beyond the aforementioned changes to
the loss function.
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Fig. 2. Examples of imperfect real-world radar data from the RadarScenes
dataset [63]. For both figures, radar measurements are denoted as colored dots
(red inliers and blue outliers), and the black dashed line is computed based
on the current ground truth vehicle motion and AoA measurements. The top
figure shows what happens when the ground truth velocity is incorrect and
the bottom figure provides an example of a sparse/empty radar point cloud.

D. Module A: Processing Multiradar Nodes

In our previous work, DeepEgo [22] is trained and tested
separately and independently for each radar. Experimental
results show that its performance degrades when using dif-
ferent radars for training and testing. In general, the more
training data, the better performance a deep learning model
should produce. However, further experiments indicate that
when DeepEgo is trained and tested using data from the same
radar sensor network, its performance decreases compared
to the independently trained model. The reason behind this
phenomenon is that as the training data increase, the feature
complexity also increases. This is because each radar in the
sensor network has a different installation location, which
produces different feature patterns in the input radar point
cloud.

To address this challenge, T-net [64] and a radar encoding
step are added to Model VI, and the final NN is named
Module A. Fig. 3 shows the architecture of Module A as
well as explains the difference in the architecture between
DeepEgo, Model VI, and Module A. T-net is an NN that
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Fig. 3. Architecture of Module A. Purple blocks are included in DeepEgo
[22]. As explained in Section III-C, Model VI computes the w-LSQ solution
based on the K-largest point weights, with the relevant modification shown in
yellow. Based on Model VI, Module A adds T-net [64] and a radar encoding
step (denoted in green) to handle arbitrary radar inputs.

takes a multidimensional radar point cloud as input, outputs a
matrix, and uses the matrix to perform an affine transformation
on the input point cloud. This step can reduce the complexity
of input features by aligning point clouds captured by different
radars into a canonical space. Afterward, a radar encoding
step is implemented to concatenate a predefined number (e.g.,
with two radars the numbers would be “0” and “1”) with the
output of the affine transformation. This radar encoding step
can further help Module A distinguish among different feature
patterns caused by different radars. As shown in the results
in Section IV-C, Module A can improve performance even
when the model is trained with more complex data. However,
it is important to acknowledge that Module A can only work
with known radar sensor networks. For testing using data from
“unseen” radar nodes, further developments are required.

E. Module B: Processing Multiradar Frames

As illustrated in Fig. 1, the outputs of Module A are the
vehicle motion estimates, arranged in time order. Although
these motion estimates come from different radar nodes, they
are all sampled from the continuous motion of the vehicle.
Therefore, to exploit the advantage of multiple radars and
the prior knowledge of the vehicle motion model, this work
proposes to use a KF to fuse these initial estimates. Following
(9) for the prediction and update steps of the KF, although most
variables can be determined, the covariance matrices Q, and R,
are unknown and usually need to be adaptively adjusted based
on the certainty of the model predictions and measurements.
Instead of manually tuning the covariance matrix, inspired by
[65], this work proposes using NNs to estimate the Kalman
gains. In this way, the knowledge of the underlying noise
statistics is no longer required. In addition, based on the input,
the estimated Kalman gain is able to automatically determine
how much weight the filter gives to predictions (from the
model) versus measurements (from the radar) when updating
the state estimate.

Fig. 4 presents the architecture of the proposed NNs
(named collectively as Module B). Module B consists of
three NN-based functional components: 1) a shared multilayer

Authorized licensed use limited to: TU Delft Library. Downloaded on May 08,2026 at 09:58:24 UTC from IEEE Xplore. Restrictions apply.



ZHU et al.: DeepEgo+: UNSYNCHRONIZED RADAR SENSOR FUSION FOR ROBUST VEHICLE EGO-MOTION ESTIMATION 489

2 |pest 1 Module B I

o > ! Output Head #1 !

] 1 : . : 1 o

% g I g # e A - Predicted Ego-motion I 7T "
H 8| I g 1 ' 2
o 3 11 2 T 1 1
+ = ; ' % g % Output Head #2 ‘ H g
S T -l ‘ c ® - - | s =
B lyest |75 I ; 3 g—. (Kalman Gain) Kalman Updates I ®11

=3 ) - T

o — o 1 r =] 1

i Vzest 2' : i E & ‘ : OR

- ,car = =1 = "

8 H 1 - ‘ Output Head #3 # Weighted Posterior 2 =2
E |pest 1 (Dynamic Weights) States TIT (2
o |“1,car

Fig. 4. Architecture of the proposed NNs for sensor fusion (named Module B in this work). Within Module B, only the green blocks are built by NNs.
Module B takes the initial vehicle motion estimates provided by Module A as its input. Then, it uses bidirectional gated recurrent units (bi-GRUs) to extract
temporal features from motion estimates. These features are further processed by three output heads, each of which estimates the matrices used to compute
the Kalman prediction, Kalman update, and weighted output. Finally, Module B can also be used as a smoother to output 7 motion estimates or as a filter to

update the most recent estimate.

perceptron (shared-MLP); 2) the bidirectional gated recurrent
units (bi-GRUs); and 3) three output heads. The shared-MLP
takes T initial vehicle motion estimates, 7 radar encoding
labels, and three T X T feature matrices as its input. The initial
vehicle motion estimate is provided by Module A and the
radar encoding label is the same as described in Section III-D.
Regarding the feature matrices, the first two are generated
through the outer subtraction’ for the vector of initial motion
estimates and recorded timestamps. The third feature matrix
is given by the division between the first two feature matrices
and represents the estimated vehicle acceleration. The shared-
MLP is used to preprocess the raw input data and transform it
into a representation that is more suitable for the subsequent
bi-GRUs. The bi-GRUs are recurrent NNs (RNNs) that can
extract temporal features from continuous vehicle motions.
Unlike traditional unidirectional RNNs, the bidirectional archi-
tecture allows leveraging information from previous motion
states and upcoming motion states to make predictions about
the current state. With this feature, Module B with sliding
window input can be used not only as a filter but also as a
smoother. The output of the bi-GRUs is further processed by
three output heads, each consisting of two layers of the shared-
MLPs. The first output head estimates a 7' X T acceleration
matrix 7. The acceleration matrix has the same structure as
the previously mentioned third feature matrix and contains the
same type of information; it can be expressed as follows:

Tle1 T2 TleT
T2e1 T2e2 T2eT

T= - < < (13)
TTe1 Tre2 TTeT

Each element 7 represents an estimated acceleration value,
and the index notation (for example “k « 1) indicates that
this element is used to make a prediction/update at timestamp
k using previous/future states from timestamp A. With the same
structure, the second output head estimates a 7 X T Kalman

5The outer subtraction is an operation that subtracts every element of a
vector from every other element, resulting in a matrix with zeros on the
diagonal.

gain matrix, and the third outputs a 7 X T dynamic weight
matrix. Therefore, following the yellow blocks in Fig. 4, the
prediction step is achieved by multiplying the second feature
matrix representing the time difference with the acceleration
matrix T and then added with the initial motion estimates.
Afterward, following the terminology used in KF theory, the
innovation matrix is computed using the predicted motion
states and the initial motion estimate as measurements. The
innovation matrix is then multiplied with the Kalman gain
matrix, outputting a correction matrix, which is then added to
the predicted motion state forming an updated (posterior) state
matrix. The updated state matrix has the same structure and
formulation as the matrix in (13), where each row represents
T potential updates for the timestamp «. However, only one
update is needed for each timestamp. To solve the data
association problem, the dynamic weight matrix is multiplied
with the updated state matrix. The weight matrix, whose rows
sum to 1, acts as a soft data association, combining all potential
updates via a weighted average. Finally, the output of Module
B is a vector of T updated states, and the output can be used
as a smoother or a filter.

F. Implementation Details

As explained in Section III-B, DeepEgo+ consists of two
key components: Modules A and B. Module A is used
to process multiple-radar nodes and compute initial motion
estimates, and Module B fuses these initial estimates using
NN-based KF. Their relevant implementation details are as
follows.

1) Module A: First, the new DL and the new w-LSQ
scheme are computed using the K-largest point weights. In
this study, K is set to 224 based on empirical evaluation on
the RadarScenes dataset [26]. Second, the T-net [64] used in
Module A has three shared-MLPs as an encoder, one max-
pooling layer, and another three shared-MLPs as a decoder for
the output. Third, for a sensor network with / radars, the radar
encoding mentioned in Sections III-D and III-E is a natural
number ranging from O to I — 1. Fourth, the parameters of
all purple blocks of Module A in Fig. 3 are presented in
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the original DeepEgo paper [22]. Finally, as mentioned in
Section III-C, SW,.y is set to zero when the mean weight
or the number of inliers is below 0.4 and 40, respectively.®

2) Module B: First, all shared-MLPs in this work have the
same structure, which consists of a 1-D convolutional layer, a
batch normalization layer, and a ReLU layer for nonlinearity.
Second, to reduce overfitting, a dropout layer with a dropout
rate of 0.2 was attached to the bi-GRUs. Third, for the three
output heads in Module B, the top layer of the first head
(acceleration) has no activation function (linear output), the top
layer of the second (Kalman gain) uses the hyperbolic tangent
activation function, and the third head (dynamic weights)
applies the softmax activation function.

IV. RESULTS AND DISCUSSION

This section presents the evaluation results of the proposed
method DeepEgo+. Moreover, methods from the literature are
evaluated and compared.

A. Radar Dataset and Evaluation Metrics

This study uses the RadarScenes [63] dataset for perfor-
mance evaluation. In total, 64 scenes are selected for model
training and testing. These scenes contain different driving
scenarios and have an equivalent drive length of over 79 km.
Each radar scene contains four sequences captured by four
automotive radars, later denoted as “R;,” with i € [1,4].
Each radar sequence consists of multiple-radar frames, and
each radar frame is represented by a 4-D radar point cloud,
including angle of arrival (AoA), radial velocity, range, and
returned power. Finally, it is worth mentioning that each radar
frame is associated with a unique global timestamp ¢, and the
order of firing of the four radars is not predetermined and
hence random (i.e., unsynchronized sensor network). Since the
selected dataset is the same as in our previous study DeepEgo
[22], readers interested in a more detailed description of how
the dataset is used are referred to that article. Moreover, read-
ers with questions related to the structure and specifications
of the dataset are suggested to consult [63]. In addition to the
challenging radar dataset, this study also proposes to use a set
of suitable metrics to evaluate the performance of the proposed
method. They are given as follows.

1) Root-Mean-Square Error (RMSE): It is the square root
of the mean of the square of all errors between ground
truth and model predictions. It is a good metric for mea-
suring estimation accuracy, but it can be very sensitive
to “outliers.” For example, comparing the RMSE of two
ego-motion estimators, the outcome will be biased based
on their performance on “bad” testing data. For instance,
as illustrated in Fig. 2, bad testing data can be radar
frames with incorrect ground truth or frames captured,
resulting in empty/sparse scenes. Those scenarios can
exist in real-world radar datasets. Although not common,
when this occurs, the estimator under test can produce
an excessively large RMSE. Therefore, when bad testing
data are present, it becomes unfair to assess the perfor-
mance of different approaches primarily based on the
RMSE metric.

SNote that these two hyperparameters are determined empirically and they
may change slightly if the model is trained with a different radar dataset.
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2) Saturated-RMSE (S-RMSE): It is a truncated version of
RMSE. This metric is inspired by the metric used for
multiple-object tracking (MOT) [66]. In MOT, when the
distance between the estimated and true object location
exceeds a certain range, the object is classified as
misdetected and assigned to a fixed error. Similarly, this
idea can also be used to reduce the impact of bad testing
data. Therefore, in this study, the S-RMSE is proposed
and defined as follows:

S-RMSE(x, %) = (14)
where
d, = X — Xy, |Xt_):ft|sc (15)
S, |x; = % > ¢

where x; and X, are the ground truth and estimated
egomotion at timestamp ¢, respectively; T is the total
number of timestamps (radar frames); c is the predefined
range of considered errors; and s is the fixed error
assigned when the error is larger than the predefined
range. This article sets ¢ and s to the same value.
For measuring errors in translational velocity evaluation,
both variables are set to 0.5 m/s, and for rotational
velocity, they are set to 2.86°/s.

3) Median Absolute Error (MedAE): 1t is the median of
the absolute values of all errors. The median operator
makes it less sensitive to extreme outliers in the dataset.
Moreover, since it takes the middle value of the error
values, it highlights the central tendency of the errors.

4) Mean Absolute Error (MAE): It takes the mean of the
absolute values of all errors. It directly shows the aver-
age magnitude of errors between estimation and ground
truth. Also, it is less sensitive to outliers compared to
RMSE because all errors are assigned with equal weight.

5) Relative Trajectory Error (RTE): It measures the differ-
ence between the estimated trajectory and the ground
truth trajectory. Therefore, it reflects the long-term sta-
bility of the method under test. Since this metric has
been introduced in [22], readers are referred to its
detailed description there. In this article, RTE 50 is
used.

Apart from the challenging radar dataset and comprehen-
sive evaluation metrics, this study also uses a strict testing
approach, namely the “leave-one-out” (L10) method. Specif-
ically, if a scene is selected as the test scene, the radar
sequences captured in that scene are not used for model
training and validation and are therefore “unseen” to the
trained model. This helps assess the generalization ability of
the proposed network, as NNs may overfit the training and
validation data.

B. Single Radar and Single Frame

As detailed in Section III, from the previous DeepEgo
[22] to the current DeepEgo+, there are three intermediate
steps. The first step is to modify its loss function and the
wLSQ scheme (referred to as Model VI). Then, its network
structure is modified in order to process data from multiple
radars (using the previously defined Module A). Finally, to
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TABLE I

PERFORMANCE COMPARISON BETWEEN DEEPEGO [22] AND THE PROPOSED MODEL V1, FOR SINGLE-RADAR SINGLE-FRAME SCENARIOS. THEIR
PERFORMANCE IS MEASURED USING THE RADAR SEQUENCES FROM THE FIVE TESTING SCENES ALSO SELECTED IN [22]. WITH FOUR
AUTOMOTIVE RADARS AND FIVE SCENES, THE METRICS OF EACH METHOD ARE COMPUTED BASED ON THE AVERAGE OF 20 RADAR

SEQUENCES
Translation Velocity (cm/s) Rotational Velocity (deg/s) RTE
Metrics RMSE | S-RMSE | MedAE MAE RMSE | S-RMSE | MedAE MAE RTE_50
DeepEgo [22] 11.3 9.3 4.6 6.8 0.77 0.74 0.36 0.53 9.5
Model V1 11.6 9.1 44 6.6 0.72 0.67 0.32 0.48 8.5
Improvement(%) | -1.9% +2.1% +5.4% +3.0% | +5.9% +8.6% +11.1% | +10% +9.8%
TABLE II

PERFORMANCE COMPARISON BETWEEN DEEPEGO [22] AND MODULE A. FOR DEEPEGO, THE MODEL IS TRAINED AND TESTED SEPARATELY FOR
EACH RADAR, WHILE MODULE A IS TRAINED AND TESTED USING DATA FROM ALL FOUR RADARS. THE METRIC S-RMSE Is USED TO
MEASURE ERRORS IN TRANSLATIONAL VELOCITY ESTIMATION (“TRANSL. ERR” IN CENTIMETER/SECOND) AND ROTATIONAL VELOCITY
ESTIMATION (“ROT. ERR” IN DEGREE/SECOND). THE FINAL RESULT IS AVERAGED OVER FIVE TESTING RADAR SEQUENCES FROM
THE FIVE SELECTED SCENES

_ Tested using R1 Tested using R2 Tested using R3 Tested using R4
Metrics: S-RMSE Transl. ERR | Rot. ERR | Transl. ERR | Rot. ERR | Transl. ERR | Rot. ERR | Transl. ERR | Rot. ERR
Trained using R1 9.5 0.64 30.4 2.37 431 2.62 434 2.04
DeepEgo [22] |_Lrained using R 1.4 2727 9.2 0.88 37.0 2.50 42.6 232
pre Trained using R3 443 2727 36.5 2.57 8.7 0.81 37.9 2.12
Trained using R4 443 1.99 431 2.60 331 2.41 9.9 0.63
Module A Trained using All 92 0.62 8.9 0.77 8.5 0.71 9.3 0.59
fuse information from multiple radar nodes at multiple times- Performance vs Number of Fused Timestamps
tamps, an NN-based KF/smoother is proposed (the previously . . . _
defined Module B). Although DeepEgo+ is the combination —#—Translational Velocity  ——Rotational Velocity
of Modules A and B, it is helpful to understand how model 9 0.8
performance changes with these intermediate steps. Therefore, S 0.75
as an ablation study, the evaluation results of these steps are n ! \\ 07 g
resented in the current and the following sections. 5 065 &
presented in th t and the following sect E°S N ki
Table I presents the performance comparison between Deep- w ° AN 06 W
Ego and Model V1. With the proposed modifications, Model z L 055 E
. . . 3 :
V1 outperforms Deepqu in almogt all evalqatlon .metr.lcs, X \‘>—<_ 05
except the RMSE metric in translational velocity estimation. 0.45
However, this outcome is expected since the proposed loss ; 0‘4
function (i.e., the Huber loss and SWy.,) makes the model T=2 T=4 T=6 T=8 T=10 '

less affected by large errors caused by bad training data. In
addition, the proposed S-RMSE metric reflects how these rare
bad data in the test set can affect the final evaluation results.
Compared to the RMSE metric, Model V1 scores better and
has a higher percentage improvement in the S-RMSE metric
for both translational and rotational ego-motion estimations.

C. Multiradar and Single Frame

This section presents the evaluation result when comparing
between DeepEgo [22] and Module A. As shown in Table II,
Module A performs better than DeepEgo in the S-RMSE
metric. In addition, it is able to estimate the ego motion using
data from four radars installed at different locations on the
vehicle. It is worth mentioning that, due to different aspect
angles, the relationship between ego motion and the measure-
ments of radial velocity and AoA can vary significantly from
radar to radar. Consequently, this diversity adds additional
challenges to the NN model due to the increased complexity
of input features, which leads to performance degradation
when training and testing using data from radars mounted at
different locations. However, with the proposed modifications,
the model performance remains similar despite the increased
complexity, and the model only needs to be trained once.

Number of Fused Timestamps (T)

Fig. 5. Performance of DeepEgo+ under different numbers of fused times-
tamps (7). The left vertical axis shows the relationship between 7 and RMSE
in translational velocity estimation, and the right axis provides the error in
rotational velocity estimation.

D. Multiradar and Multiframe

As previously depicted in Fig. 1, DeepEgo+ consists of
two components, Modules A and B used jointly. Module
A processes data coming from each different radar sequen-
tially according to their global timestamps. It estimates the
point weights and computes initial velocity estimates through
wLSQ. After that, Module B takes multiple initial estimates as
its input and updates the final estimation through smoothing
or filtering operations. As the number of timestamps (or initial
estimates) to Module B is adjustable, it becomes one of the
critical hyperparameters. Clearly, this parameter determines
the number of timestamps, denoted as 7, to be fused, and
also determines how much past and future information can be
used for estimation. As shown in Fig. 5, the translation and
rotational velocity estimation errors decrease as T increases.
This is logical because the more information the model has
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TABLE III

COMPREHENSIVE COMPARISON EVALUATED USING ALL 64 SCENES IN THE RADARSCENES DATASET [63] AND THE FIVE PROPOSED METRICS. THE
PROPOSED METHOD DEEPEGO+ IS TESTED UNDER BOTH ITS FILTERING MODE AND SMOOTHING MODE. ALSO, THE PREVIOUS APPROACH
DEEPEGO [22] AND THE PROPOSED MODULE A ARE ADDED FOR COMPARISON. THE “IMPROVEMENT” ROW Is COMPUTED BASED ON
THE ORIGINAL METHOD IN [22] VERSUS THE PROPOSED METHOD DEEPEGO+ IN ITS SMOOTHING MODE

Translation Velocity (cm/s) Rotational Velocity (deg/s) RTE
Metrics RMSE S-RMSE | MedAE MAE RMSE S-RMSE | MedAE MAE RTE_50
DeepEgo [22] 11.5 9.0 4.7 6.7 0.85 0.74 0.40 0.56 11.1
Module A 10.6 8.6 4.4 6.3 0.73 0.66 0.34 0.48 9.9
DeepEgo+ [filtering] 6.1 4.2 2.0 3.0 0.51 0.49 0.23 0.34 6.4
DeepEgo+ [smoothing] 5.3 3.6 1.6 2.5 0.44 0.41 0.20 0.29 6.4
Improvement (%) +53.9% +60.0% +66.0% | +62.7% | +48.2% +44.6% +50.0% | +48.2% | +41.4%
. E. Performance on All Data
Performance Comparison
14 0.8 In order to provide a comprehensive evaluation, the perfor-
mance of DeepEgo+ is measured with the L10 method based
12 0.7 on the entire dataset, consisting of 64 scenes. The evaluation
i - results are presented in Table III. First, it is worth mentioning
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Fig. 6. Performance of the proposed approach DeepEgo+ and other fusion
methods selected for comparison, including simple moving average (SMA),
weighted moving average (WMA), exponential moving average (EMA), and
KF. For a rigorous and fair comparison, these selected methods take the output
of the proposed Module A (MA) and DeepEgo+ is set to its filtering mode.
With five test scenes and four radars, the RMSE metric presented in the chart
is measured and averaged over 20 testing radar sequences.

about the vehicle’s motion, the more accurate estimates it can
provide. However, it is not worth setting 7 to a too large
value, as not only this will take up more memory space, but it
will also have diminishing returns. Therefore, unless otherwise
specified, based on these results, T is set to 8 in the following
experiments.

As, to the best of our knowledge, there is currently no
research on ego-motion estimation using unsynchronized radar
sensor networks, in order to benchmark DeepEgo+, several
traditional fusion methods are selected. Since these traditional
fusion methods cannot directly process radar point clouds,
the output of Module A is used as their input. Therefore,
these selected methods are compared with the proposed
Module B. As shown in Fig. 6, the proposed method out-
performs the other approaches by a large margin, for both
translational and rotational ego-motion estimation. Further-
more, unlike other methods, the proposed approach does not
require laborious human engineering to adjust parameters after
model training. Finally, as discussed later in Section IV-G,
there is a fundamental reason/limitation why the proposed
method outperforms other traditional approaches in dealing
with nonzero acceleration, and to the best of our knowledge,
there is no solution in the relevant literature so far to address
this.

that Module A is trained with all radars together, while Deep-
Ego [22] is trained independently and must be optimally tuned
for each radar. Nevertheless, Module A outperforms DeepEgo
in all presented evaluation metrics. Also, the proposed method
performs better in its smoothing mode than in its filtering
mode. This is reasonable since, in the smoothing mode, both
past information and future information of vehicle motion are
available.

While Table III provides exact numbers for the estimation
errors, it is difficult to see how these errors are distributed and
their physical interpretation. Fig. 7 shows the histogram of all
estimation errors accumulated across all 64 testing scenes. It
is shown that the proposed method achieves notably less error
than DeepEgo [22], especially when the vehicle is turning or
driving at a high speed.

While the previous results provide a comprehensive study
of the performance of the proposed method, it is important
to acknowledge that the performance comparison is in part
limited, given the following reasons. First, to the best of our
knowledge, there are no other works in the open literature
that studies instantaneous ego-motion estimation using unsyn-
chronized radar sensor networks. Second, the original method
DeepEgo in [22] had already shown better performance than
several alternative works, so their performance is not listed in
this article. Third, other fusion methods shown in Fig. 6 do
not score as well as DeepEgo+ due to their limitations, which
will be further discussed in Section IV-G.

F. Effect of Sensor Failure

As described in Section III, this study proposes a novel
decentralized NN architecture for unsynchronized radar sensor
fusion. It first computes the initial vehicle motion estimate
based on each radar’s output and then fuses these initial
estimates based on the order of timestamps. Therefore, due to
the decentralized processing structure, the proposed method
should be able to work with radar sensor networks that are
smaller than the one used for training. It is clear that this
feature increases the system’s robustness against sensor fail-
ure. Thus, it is interesting to simulate sensor failure scenarios
and to investigate how model performance deteriorates as the
size of the radar sensor network decreases during testing,
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Fig. 7. Plots of the accumulated error from all 64 testing scenes. To plot this, the absolute errors between the ground truth ego motion and the model
estimation are accumulated, and then, the base ten logarithm is applied for better visualization. (a) Result of the original DeepEgo [22]. (b) Result of the

proposed method DeepEgo+.
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Fig. 8. Effect of radar sensor failure on the reconstructed vehicle trajectories.
The proposed method DeepEgo+ is trained using all radars but tested with
a varying number of missing/malfunctioning radars. The radar data used for
testing do not contribute to model training and validation. The reconstructed
trajectories are shown in solid lines, and the ground truth vehicle trajectory
by the red dashed line.

essentially assuming that data from some of the radars in the
network are missing.

Fig. 8 presents an example of reconstructed vehicle tra-
jectory, which visually illustrates the effect of sensor failure.
In this test, after training on data from all radars, the model
is tested using only data from the selected radar(s) with the
assumption that some radars are malfunctioning, hence not
providing any data. It can be seen that when all radars are
working, the method provides the best estimation performance
as the estimated trajectory approaches the ground truth trajec-
tory. Even if half of the sensors fail, the proposed method still
maintains good performance similar to the original DeepEgo
[22]. However, it is noted that it is not recommended to inten-
tionally apply the proposed architecture (DeepEgo+) to a too
small radar sensor network compared to what was originally
used for training. Although the proposed architecture provides

robustness against sensor failure, it is best adapted to the size
of the sensor network in the training data. As shown in the
figure, when only one radar (e.g., “R_3”) is working out
of the original four used for training, the proposed method
DeepEgo+ performs worse than DeepEgo [22].

G. Vehicle Nonzero Acceleration

One of the key advantages of using radar for automotive
applications is that it can directly provide radial velocity
measurements of the detected objects. It is known that, for
stationary objects, the measured radial velocities are related
to aspect angles and the vehicle speed. However, if the speed
of the vehicle is not constant, the Doppler frequency and the
associated phase shift will vary with slow time (i.e., across
radar chirps), and the estimated radial velocity will not match
the vehicle speed, which can be instantaneously determined
by the odometer sensor. Therefore, the vehicle speed can be
overestimated or underestimated, depending on whether the
vehicle is decelerating or accelerating. For better understand-
ing, Fig. 9 shows the impact of vehicle nonzero acceleration
on the estimated vehicle motion. It can be seen from Fig. 9(a)
that the vehicle first decelerates, then maintains an almost
constant speed, and finally accelerates. As expected, Module
A overestimates the velocity when the vehicle decelerates,
underestimates it when the vehicle accelerates, and overlaps
with the ground truth only when the vehicle is at a constant
speed. In contrast, the proposed DeepEgo+ can accurately
estimate the velocity of the vehicle regardless of its motion
state.

To understand the reasons for this, the images of Fig. 9(b)
and (c) are helpful. They show two radar frames in AoA
and radial velocity plots for the vehicle at constant speed and
while decelerating, respectively. First, when the vehicle speed
is constant, the radial velocities are not being overestimated or
underestimated. As a result, the line representing the ground
truth overlaps with the lines representing Module A and
DeepEgo+, and they pass through detection points caused
by stationary objects. As discussed in Section II, locating
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Fig. 9. Impact of vehicle nonzero acceleration on ego-motion estimation. In this test, scene 67 (“sequence 67”) of the RadarScenes dataset is used as test
data. (a) Sequence of continuous vehicle motion in which the vehicle first slows down and then accelerates. (b) and (c) Relationship between AoA and radial
velocity measurements at two selected timestamps; measurements are denoted as black dots. For all figures, the red, light-blue, and dark-blue dashed lines
are computed based on the vehicle ground truth motion, the output of DeepEgo+, and the output of Module A, respectively.

the stationary points has been widely used by many radar-
based ego-motion estimation methods, including the present
work. However, as shown in Fig. 9(c), when the vehicle
decelerates, the ground truth line does not match the measured
radial velocity of the stationary object, and the radial velocity
is underestimated. For methods that rely on accurate radial
velocity measurements [22], [27], [30], this phenomenon can
significantly affect their performance. For example, Module
A and other instantaneous methods (mentioned in Section
II-A) will never be able to estimate the true vehicle motion in
Fig. 9(c) due to underestimation. In addition, it is clear that
none of the filtering approaches evaluated in Fig. 6 is able
to correct the estimates from Module A to the ground truth
motion. However, since the magnitude of overestimation and
underestimation is positively correlated with the magnitude of
vehicle acceleration, DeepEgo+ is able to compensate for its
effect by learning its patterns from consecutive radar frames
using the proposed temporal NN within Module B. Note that

TABLE IV

NCC BETWEEN VEHICLE ACCELERATION AND MEASURED ERRORS IN
VEHICLE TRANSLATIONAL VELOCITY ESTIMATION. NCC Is COM-
PUTED USING RADAR FRAMES FROM ALL 256 TESTING SCENES
(INCL. FOUR RADARS). TO CONTROL FOR OTHER INDEPEN-
DENT VARIABLES THAT MAY AFFECT THE MEASUREMENT
ERROR, ONLY RADAR FRAMES WITH AN OUTLIER RATE
LOWER THAN 40% WERE USED

Methods
NCC

RANSAC-based [27]
0.71

DeepEgo [22]
0.60

DeepEgo+
0.17

the data used for evaluation in this section are not being
used for model training and validation, which demonstrates
the good generalization ability of DeepEgo+.

While the previous experiment has intuitively demonstrated
the effectiveness of DeepEgo+ in addressing the impact of
vehicle acceleration, Table IV presents a numerical relation-
ship between velocity estimation error and vehicle acceleration

Authorized licensed use limited to: TU Delft Library. Downloaded on May 08,2026 at 09:58:24 UTC from IEEE Xplore. Restrictions apply.



ZHU et al.: DeepEgo+: UNSYNCHRONIZED RADAR SENSOR FUSION FOR ROBUST VEHICLE EGO-MOTION ESTIMATION 495

=
a
=
O
w
«n
=
=
w

g
*‘b

S
h& '\Q
&

OUTLIER RATIO
RANSAC-based

DeepEgo DeepEgo+

Fig. 10. Measured S-RMSE error in vehicle translational velocity estimation
over different outlier ratios. All frames in the 64 test scenes are regrouped
according to their outlier ratios. The red line represents the RANSAC-based
instantaneous method [27], the previous approach DeepEgo [22] is represented
by the blue line, and the proposed DeepEgo+ is denoted by the green line.

using the NCC. Based on the results, the RANSAC-based
instantaneous method [27] and the previous approach DeepEgo
[22] exhibit a strong correlation between acceleration and
estimation error. Meanwhile, DeepEgo+ shows much weaker
correlations than previous studies. Quantitatively, DeepEgo+
scores 3.5x better than DeepEgo.

Finally, it must be acknowledged that addressing the chal-
lenges induced by nonzero vehicle acceleration was not an
explicit goal when developing the proposed approach. Also, to
the best of our knowledge, none of the works in the literature
mentioned in Section II have investigated this problem or
proposed a solution. However, this is deemed to be an essential
issue because, in realistic automotive scenarios, vehicles will
have nonzero acceleration most of the times, especially in
urban areas. Although the proposed method is very effective
and addresses this challenge, the investigation can be contin-
ued in dedicated future work.

H. Robustness to Outliers

As discussed in Section II-A, one of the main challenges of
instantaneous methods is to distinguish inliers from the input
radar point cloud, while outliers caused by moving objects
and false detections are ubiquitous in real-world driving.
Fig. 10 compares the performance of DeepEgo+ with two
previous studies in terms of the S-RMSE metric measured
using different outlier ratios. First, it is reasonable that when
the outlier ratio is less than 50%, that is, inliers are in the
majority and it is difficult to make mistakes, the score of the
RANSAC-based instantaneous method is similar to DeepEgo.
Despite this, DeepEgo+ still outperforms both comparison
methods. It is assumed that this improvement is due to the
proposed temporal NNs (Module B), which offsets the effect
caused by vehicle acceleration. Second, when the outlier ratio
is between 50% and 90%, where estimation errors are likely
to occur, the advantage of the NN-based instantaneous method
becomes obvious. Still, DeepEgo+ has improved performances

by nearly 50% compared to DeepEgo, demonstrating the
importance of sensor fusion. Finally, when the outlier ratio
exceeds 90%, the performance of all methods drops signifi-
cantly because there is little useful information to be captured.

V. CONCLUSION

This article presents a novel solution for estimating the
2-D motion of a moving vehicle (ego motion) equipped
with multiple unsynchronized automotive radar sensors. The
proposed method, named DeepEgo+, consists of two NN-
based components: Modules A and B. DeepEgo+ successfully
addresses several limitations and challenges outlined in the
relevant literature for ego-motion estimation. First, DeepEgo+
uses a decentralized signal processing architecture to provide
the first solution for ego-motion estimation using unsynchro-
nized radar networks. Specifically, the output of each radar
is processed locally and independently by Module A without
the need for good synchronization between sensors. Second,
based on the previous work of DeepEgo [22], Module A has
extensive upgrades in its original loss function and network
architecture, improving its robustness and learning capabili-
ties. Third, Module B uses temporal NNs to mimic the KF
procedures and estimate the Kalman gain, thus bypassing the
conventional, tedious manual tuning process. The late fusion
approach applied in Module B further improves the system
robustness to sensor failures and radar frames with high outlier
ratios, where conventional methods fail. Fourth, DeepEgo+
addresses the challenges posed by vehicle nonzero accelera-
tion to ego-motion estimation and proposes the first effective
solution. To verify its performance, DeepEgo+ is tested using a
challenging real-world radar dataset (RadarScenes) containing
various driving scenarios on the road. The results demonstrate
its superiority over a range of evaluation metrics compared
to other methods in the literature. For future research, it
would be interesting to compare the performance of early,
halfway, and late fusion techniques for radar-based ego-motion
estimation.
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