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Abstract— Dynamic Occupancy Grid Mapping is a technique
used to generate a local map of the environment, containing
both static and dynamic information. Typically, these maps are
primarily generated using lidar measurements. However, with
improvements in radar sensing, resulting in better accuracy
and higher resolution, radar is emerging as a viable alternative
to lidar as the primary sensor for mapping. In this paper, we
propose a radar-centric dynamic occupancy grid mapping algo-
rithm with adaptations to the state computation, inverse sensor
model, and field-of-view computation tailored to the specifics
of radar measurements. We extensively evaluate our approach
with real data to demonstrate its effectiveness and establish
the first benchmark for radar-based dynamic occupancy grid
mapping using the publicly available Radarscenes dataset.

I. INTRODUCTION

Perceiving the environment is a critical task for highly
automated vehicles to ensure both safety and optimal per-
formance. To achieve this, a variety of algorithms have been
developed to process the data collected by sensors and gain a
comprehensive understanding of the surroundings. Tradition-
ally, this process has been divided into two key aspects: the
detection and tracking of dynamic objects such as cars and
pedestrians, and the representation of the static environment
using occupancy grid maps [1]. However, in highly dynamic
scenarios, which automated vehicles frequently encounter
during their operation, occupancy grids have difficulties in
accurately mapping moving objects causing fragments and
elongation. To address this issue, the concept of Dynamic
Occupancy Grid Maps (DOGM) was introduced [2] and
subsequently improved by combining it with a particle filter
[3]. Modern Dynamic Occupancy Grid Maps (DOGMs) are
used to keep track of both stationary and moving objects in
an environment. They do this by using a grid to represent
the static parts and a particle filter to follow the dynamic
elements within the grid map. The key benefit of DOGMs
is that they can handle both the unchanging and changing
aspects of the environment together. This provides a consis-
tent foundation for tasks like planning and perception. Many
variations of DOGMs exist [4]-[12], each with its own way
of handling tracking or grid information. However, most of
these variants primarily rely on lidar sensors for data, using
radar to improve certain aspects like convergence and speed
estimation [6]. Lidar sensors are a popular choice because
they provide the detailed point cloud data needed to create
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Fig. 1: Example of a DOGM using radar data
from Radarscenes [15]. The cell coloring indicates
which states have the highest probability (yel-

low=dynamic,brown=static,gray=free and blue=unknown).

a comprehensive grid map. In recent years, there have been
improvements in both the detection density and resolution of
radar sensors, potentially enabling radar-only DOGMs. Re-
search has been conducted to develop radar-based DOGMs
[13], [14], but these have only been tested in short scenarios
and with minor modifications to the lidar-based algorithms.
However, radar has distinct advantages, including range rate
measurements and resilience in various weather and lighting
conditions. Unfortunately, existing algorithms neither exploit
these advantages nor effectively mitigate issues like data
sparsity and noise. This paper explores different ways to
adapt current algorithms in order to create effective radar-
based DOGMs.

Contributions

In this paper, we present several modifications to the exist-
ing lidar-based DOGM algorithms in order to leverage the
advancements in modern radar sensors and validate them
extensively using real data.

1) We propose a cell-state classification scheme based on
range rate that allows effective separation of static and
dynamic objects and significantly reduces the number
of particles needed for computing the dynamics within
the grids.

2) We integrate several modifications into the Inverse
Sensor Model (ISM) used to generate the DOGM to
account for the characteristics of radar sensors.

3) We extensively validate the effectiveness of the mod-
ifications and compare their performance to that of
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other DOGMs and radar-based object detectors. To
the best of our knowledge, we are the first to assess
the performance of Radar-DOGMs, both qualitatively
and quantitatively, in small test scenarios and public
datasets.

II. RELATED WORK

The original Bayesian Occupancy Filter (BOF), as de-
scribed in earlier work [2], utilized a four-dimensional grid,
which had significant computational demands due to the
velocity computation. To address these challenges, a more ef-
ficient version of a BOF was introduced in [3]. This improved
approach combined a grid representation with a particle
filter to estimate both velocity and occupancy distribution
within the grid, helping with the identification of dynamic
cells. This methodology has been adopted and refined in
subsequent works [4], [5]. Furthermore, the fusion of lidar
and radar sensor measurements, can enhance the filter’s
performance [6]. In addition, a Dempster-Shafer [16]-[18]
representation of a DOGM was introduced [6], [8], which
was further enhanced [7] and expanded to incorporate object
detection and shape estimation tasks [9]-[12]. Deep neural
networks have also been proposed for learning dynamic
occupancy grid mapping end-to-end [19], [20]. However,
most the research in the field of (dynamic) occupancy grids
has largely focused on using lidar sensors as the main source
of information, mostly due to the dense data they provide.
Radar, up to this point, has been only utilized to support
velocity estimation speed up convergence. There have been
attempts to adapt existing algorithms for radar-only use. An
extension of the work presented in [6], [7] was introduced
in [13], which aims to exclusively utilize radar data and
combine it with a clustering algorithm to provide object-
level information. Moreover, a modification to the weight
calculations introduced in [4], [5] has been proposed in
[14]. Nevertheless, the core algorithmic structure remains
unaltered, and the performance of DOGMs, whether radar
or lidar-based, is primarily assessed in short and simple
scenarios. Additionally, some research has explored radar-
centric methods for traditional static occupancy grids. Factors
specific to radar, such as signal amplitude and field of view,
have been taken into account in the standard Inverse Sensor
Model (ISM) [21]-[23]. There have also been efforts to learn
improved radar-ISMs through a combination of deep learning
and lidar data [24], [25].

III. METHODOLOGY

A. Environment representation

The area surrounding the vehicle is depicted using a grid
map centered on the ego-vehicle’s position. In this grid, each
cell stores probabilities for one of the four states: “free”
(unoccupied), ”static” (occupied by a stationary object),
”dynamic” (occupied by a moving object) and “unknown”
(not yet observed). Additionally, particles described by the
state vector x = [x,y, vx,vy,weight]T are used to help track
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Fig. 2: Environment representation using a dynamic occu-
pancy grid. Each cell contains probabilities for the four
states: unknown, free, static and dynamic. The kinematics
are expressed through a set of particles [14].

dynamic occupancy. Each particle is associated with a spe-
cific cell based on its position. Fig. 2 provides a visual
representation of this concept.

B. Radar-centric Dynamic Occupancy Grid Mapping

In the following, our radar-centric DOGM algorithm to
effectively use radar data and the reasoning behind the
modifications are introduced. The algorithm is based on [4],
[5] and a full description of the original algorithm can be
found in the mentioned references. The introduced steps are
executed for each new scan of radar measurements.

1) Determine measurement cells: In the initial step, we
identify the cells influenced by the latest measurements. The
objective is to determine which cells might be classified as
free, occupied, or remain unknown. This constitutes the first
part of the Radar Inverse Sensor Model (ISM). A standard
solution for lidar data involves ray-casting using Bresen-
ham’s line algorithm [26], which assumes straight, narrow
rays, that align with the properties of laser rays. However,
this assumption does not hold for radar measurements, as
radar waves exhibit relatively high angular uncertainty and
can penetrate materials to varying degrees. Consequently,
this leads to an ambiguous line-of-sight geometry, where free
space can overwrite occupancy [27].

Additionally, radar sensors provide significantly fewer
measurements compared to lidar sensors and lack the me-
chanical structure required to determine ray traces for filling
empty areas. Consequently, large portions of the map remain
unknown. To address these limitations, we combine the
Inverse Sensor Model (ISM) from [21], which considers
high angular uncertainty and wave propagation effects, with
the implicit free-space computation described in [22]. This
combination enables us to create a much more comprehen-
sive and precise map. Using our Radar-FOV-ISM ®,4,,
we produce Cieas, detailing unknown (Cynk), free (Ciree)s
and occupied (Cocc) cells as index pairs (i, j), e.g., Cunk =
(i1,41),- -, of the 2D grid map.

1 2
Xmeas = {xmeas’xmeasv T 7xnmeas} (1)
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Cineas = (I)radar (Xmeas) (2)
Cmeas = {Cunka Cfree 5 Cocc} (3)

A comparison of the standard ray-casting model and the
combined Radar-FOV-ISM is shown in Fig. 3a.

2) Cell state computation: In DOGM algorithms, there
exist four possible states: unknown, free, static, and dynamic.
For each cell, the probability of all four states is stored.
A fundamental assumption across all frameworks is that
freespace is always static since there is nothing that can
move. To determine the static and dynamic occupancy proba-
bilities, we directly utilize the range rate of the measurement.
This approach differs from all lidar-focused approaches [4]—
[12], which rely on the average velocity of particles created
in every occupied cell.

Each radar measurement xJ..,. includes position coordi-
nates in the map frame (Xmap, Ymap), €20-motion-compensated
range rate (v,), and radar cross-section (rcs). For each
measurement, the subsequent calculations are executed.

X

T
:lneas = I:Xmapyymap7 Vr, rCS] (4)

In a first step free space, which has no static or dynamic
property can be calculated based on the distance to the
measurements [14]. For each cell of Cpee and Cyee the
respective center coordinates (x.,y.) and the distance d, to
the measurement is calculated.

Xmap | [Xc (5)
Ymap Ye
This distance is then used to determine the free space
probability P(free) with a o4 of 1.0.

1 1/d\?
/i (2 (=) ) ©
Pfree =1 *fd (dc) (7)

The probability Ppeas(unk) for the unknown state is cal-
culated in the same way as the freespace but for the cells
Cunk-

To determine the static and dynamic probabilities, we
operate under the assumption that a non-zero range rate can
indicate whether an object is in motion, thereby allowing us
to distinguish between static and dynamic cells. However,
it’s important to note that this assumption doesn’t hold true
in all cases. Slow-moving objects like pedestrians or objects
moving perpendicular to the sensor axis can exhibit very
low range rates. Nevertheless, such cases are relatively rare,
as illustrated in Fig. 4. More than 90% of larger objects
(cars, large vehicles, two-wheelers) and approximately 70%
of pedestrians (groups) have radar detections with a range
rate exceeding 0.5 m/s.

Conversely, static cells can be clearly identified, rendering
it unnecessary to employ particles for all occupied cells. This
method significantly reduces the number of required particles
and, consequently, computation time, as demonstrated later.
Utilizing the range rate v, leads to the following equations

-

2

fd(dL') =

for determining the state probabilities for all cells in Cycc. In
the equations, prior represents the cell’s previous probability
of the respective state.

Pugn = fald) x P(v, #0)+ (1~ fa(d)) x prior(dyn) (8)
Piatic = fa(d) x P(v, = 0) + (1 — f4(d)) x prior(static) (9)

The distance function is used to reduce the influence of a
measurement as the distance increases. Additionally, we sug-
gest utilizing the normalized radar-cross section (RCS) rcs’
to weigh the contribution of a measurement. Measurements
with a low RCS are more likely to be noise, while higher
RCS values indicate a more reliable measurement. The RCS
is normalized between 0 and 1 for each measurement scan
using all the rcs values RCSpeqs Of all measurements X ..
of one scan.

RCSpeas = {rcsl,rcsz, oo res™}
;o res — min(RCSmeas)
~ max(RCSmeas) — Min(RCSmeas )

Applying this the measurement state probabilities Ppeas(c)
of one cell ¢ can be described as the following:

res

Preas (unk) Pk 0.5

Pmeas (free) _ ! Pfree _ ! .

Preas (static) | — res Pitatic +(1—res)) 0.5 (12)
Pineas(dyn) Payn 0.5

Finally, all the calculated probabilities are stored in the
form of a measurement grid and are used to update the
existing grid using a Bayesian formulation.

3) State correction: As shown in Fig. 4 the assumption
that moving objects have a non-zero range rate doesn’t
hold true for all cases. Specifically, slow-moving objects or
those moving perpendicular to the sensors may have a low
range rate despite being in motion. In order to deal with
this we propose two methods that correct cell states of the
measurement grid or within the dynamic grid map.

Measurement Grid Correction: The assumption is that
a highly dynamic cell (indicated by high velocity) cannot
abruptly become static. This situation may occur, for exam-
ple, in the case of crossing vehicles when the range rate
approaches zero. To tackle this, we suggest updating the
measurement grid based on the existing accumulated DOGM.
This means that a cell in the measurement grid, which
has a high velocity in the existing DOGM, has a reduced
probability of being static, even if the latest measurement
suggests otherwise (see Fig. 3b). This can be expressed using
the following equation for each cell:

P.(unk)
| Pe(free)

Fineas.c = P.(static) (13)
P(dyn)

1 0 0 0
Pcorr.c = 01 0 0 Pmeasc
: 0 0 1—5P(v#0) dP(v=0) ’
0 0 sPv#0) 1-dP(v=0) ”
14
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(a) Visualization of the different ISMs: Green
areas represent Cyee, blue is Coce and gray Cypk. It
shows how the Radar-ISM create a more complete
map.

(b) Measurement
probabilities are shifted in the measure-
ment grid based on the velocity in the
current DOGM. The red area highlights
false static cells.
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Corrected DOGM

(c) False Static Detection: Wrongly
classified static cells are detected if they
appear in high-confidence freespace.

Fig. 3: Overview of the methods used to adapt the DOGM algorithms for radar

The probabilities P(v =0) and P(v # 0) are calculated
based on the mean particle velocity in the respective cell of
the DOGM. The parameters s; and dj fall within the range of
0 to 1 and determine the weighting between the influence of
the latest measurement and the existing grid map. They are
determined empirically, and for this paper, s; and d; are both
set to 0.5. This entire correction process can be efficiently
implemented using stacked matrices.

False Static Detection: One advantage of using DOGMs
is that none of the measurements are discarded; they are
only at risk of being misclassified. This risk is especially
high for slow-moving objects, such as pedestrians, which
can be falsely classified as static due to their low walking
speed. Nevertheless, these false static objects remain a part
of the map and subsequently can still be detected. To correct
this, we adapt the Dynablox algorithm, originally proposed in
[28], for radar applications. The basic detection mechanism
involves identifying objects that appear in highly confident
free space areas, as the only way for them to be present
there is through motion. Therefore, they need to be dynamic
objects. Instead of using a time threshold, as in the original
paper, we count the number of cycles during which a cell has
consistently been classified as static or free space (see Fig
3c). If a cell is classified as static for more than T,ic cycles
(e.g., 4 cycles) and was previously classified as free space
for more than Ty cycles, it is transformed into a dynamic
state. This requires storing the history of high-confidence
free space for Ty, cycles. Tuning the parameters Ty, and
Tee determines the sensitivity of the detection algorithm.
Overall, this approach is primarily effective for slow-moving
objects that stay in a cell for an extended duration. But it
aligns with the objective of detecting objects with low speed,
as faster-moving objects can be identified using the primary
classification method. Both approaches can be implemented
efficiently and help to compensate for radar-specific issues
without relying on a high number of particles.

4) Farticle creation, weight computation and Resampling:
After determining the probability of each state per cell,
particles are created in the newly identified dynamic cells. A
cell is classified as dynamic if its corresponding probability
is the highest (determined by a maximum operation). These
particles become part of the existing pool of particles. A

particle is characterized by the following state:

Xp = [xmyw"pmvp,yawtf (15)

The particle velocity is defined in the global frame, while
the position coordinates are in the grid map frame. The
weight indicates the likelihood of the particle representing
the tracked object based on the measurements. For the weight
computation, we use the range rate as proposed in [6].

wi = fa(dp) fr(xp) (1 = fa(dp))(1 — €)wi—

update

(16)

prior

In Equation 15, d), represents the distance between the
particle and the nearest measurement, which is utilized to
attenuate the measurement’s impact based on the distance.
The function f.(r,) is a probability density function that
compares the particle’s range rate r, with the range rate of
the measurement. While this provides only partial informa-
tion, when combined with the fact that only particles with
the appropriate velocity can be consistently tracked, it is
sufficient for obtaining a reliable velocity estimate of the
object.

Furthermore, to narrow down the potential range of ve-
locities, particles are exclusively sampled with a velocity
that matches the range rate of the nearest measurement and
is constrained by a maximum velocity [29]. Subsequently,
based on their weight, the particles undergo resampling as
described in [4].

5) Normalization and Occupancy Prediction: In the final
step, all state probabilities and particle weights must be
correctly normalized to ensure accurate probabilities. Addi-
tionally, the dynamic state probability is distributed among
the particle weights in the respective cell, proportionate to
their weight. Subsequently, the particles move according to a
linear motion model, allowing for the prediction of dynamic
occupancy for the next time step. We employ the following
state transition matrix based on [5].

1 0.1 0.1 0.05
0 09 0 0

S5=1o o 1-P(v#0) P(yv=0) (17)
0 0 P(v#£0) 1-P(v=0)

The probabilities P(v # 0) and P(v = 0) are limited with
respect to the part that is transitioned to the unknown state.
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IV. EVALUATION
A. Evaluation data

To assess the performance of our radar-centric DOGM,
we conduct both qualitative and quantitative analyses. For
the quantitative evaluation, we recorded two simple scenarios
with our test vehicle: one with a vehicle crossing (30 kph)
in front of the ego vehicle and another with a pedestrian
crossing. The radars used include a smartmicro UMRR-11
in the front and four UMRR-96 at each corner of the vehicle.
In these cases, we aim to demonstrate the effectiveness of
our proposed methods, especially in scenarios where range-
rate measurements could potentially lead to false static object
classification. We generate a list of dynamic objects by clus-
tering the particles inside the dynamic cells using the HDB-
SCAN [30] algorithm and compare them with the center of
the bounding boxes. In all cases, the map resolution is 0.2m
and size depends on the evaluation area. The groundtruth
for the qualitative analysis is generated using a state-of-
the-art 3D lidar-object detector and tracker of the Autoware
stack. Additionally, we compare our results with the original
HSBOF combined with the new state calculation (HSBOF-
RS) but without the other radar-specific modifications. For
the quantitative analysis and to compare our DOGMs with
other state-of-the-art radar-object detection frameworks, we
utilize the validation set of the Radarscenes dataset [15]. This
dataset provides point-wise labels exclusively for dynamic
objects, aligning well with DOGMs, which primarily tracks
moving objects (dynamic cells). However, it does not provide
bounding boxes. Consequently, we perform a preprocessing
step to generate bounding boxes using the method outlined in
[31], [32]. We will also use their proposed object detectors,
one being graph neural net based and the other two relying on
a YOLO and point pillar architecture as benchmarks. Unfor-
tunately, there are no other benchmarked Radar-DOGM algo-
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Fig. 4: Evaluation of the range rate per object class in the
Radarscenes dataset [15]: In the dataset only dynamic objects
are labeled, and it’s evident that the majority of objects have
a range rate exceeding 0.5 m/s, enabling their classification
as dynamic. However, there are exceptions, particularly in
the case of pedestrian classes.

rithms, so we only compare them to the referenced machine-
learning-based radar object detectors. The metric used for
comparison in the radarscenes dataset is the mean Average
Precision (mAP) as defined in [31]. However, since we don’t
generate bounding boxes, we use the mAP calculation from
the nuscenes dataset [33], which is distance-based instead of
intersection-over-union. As confidence metric for generating
the precision-recall curves, we use a combination of particle
age and weight. We acknowledge that this comparison is
not perfect due to the comparison with machine-learning
solutions and differences in metrics. Nevertheless, given the
lack of alternatives, this approach seems to be the most
suitable option for evaluating the performance of our radar-
centric DOGM.

B. Qualitative Evaluation

Table I displays the results for the two challenging tracking
scenarios. It is evident that our approach outperforms the
original algorithm across all metrics. Particularly noteworthy
is the higher recall. For instance, the pedestrian was not
detectable due to its low speed in the basic radar-state
DOGM, but in the improved DOGM, it can be tracked
consistently and with high accuracy.

On the other hand, it can be observed that, although im-
proved, the precision remains relatively low. In this scenario
where only one vehicle or pedestrians need to be tracked,
this value should ideally be higher. We have identified
two main reasons for this. First, the clustering algorithm
doesn’t work perfectly, resulting in the point cloud being
fragmented into several objects. Second, the Radar-Dynablox
occasionally generates false dynamic cells, impacting the
precision. Another noteworthy fact is that the number of
particles is with under 10000 particles relatively low. Based
on the information provided in the Lidar-DOGM publications
[4], [7], the necessary number of particles with the original
algorithms is at least 10 times higher.

The difference in performance can also be observed in
Fig. 5. It illustrates that with the original algorithm, for both
scenarios, the tracking is interrupted in the middle or not
detectable at all, which is also a cause for the low recall. This
is because the object becomes perpendicular to the sensor
axis, and the range rate approaches close to 0. Hence, it’s
classified as static. This effect is no longer visible in the
radar-centric approach. Thanks to the correction methods and
Radar-Dynablox, we are able to consistently track even slow-
moving objects with high accuracy, as demonstrated by the
low velocity error.

TABLE I: Results on the recorded scenarios

Crossing Vehicle

Method Ax (m) | Av(m/s) | recall(%) | precision(%) N.P.
HSBOF-RS | 1.3 2.3 61.0 12.0 1164
Ours 1.2 0.5 97.0 74.0 1889

Crossing Pedestrian
HSBOF-RS | 0.67 3.02 32 1.0 2145
Ours 1.0 0.14 83.0 36.0 7362
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Fig. 5: Qualitative comparison: The velocity error of the Radar-centric and HSBOF-RS approach is shown for both scenarios.
It shows the large gaps in the tracking as well as the significantly better velocity estimate of the radar-centric approach.
In addition an example of a respective DOGM is shown visualizing how a false static area has been correctly classified as

dynamic.
C. Quantitative Evaluation

The radar-centric DOGM performance is compared to the
HSBOF-RS and deep-learning-based object detectors in [32]
and [31]. The results are summarized in Table II. Addition-
ally, we provide the precision and recall of our radar-centric
DOGM to better understand the performance. Unfortunately,
these metrics are not available for other benchmarks.

The results indicate that our radar-centric DOGM does not
outperform deep-learning-based solutions but shows in some
aspects (mAP) comparable performance to the PointPillar
detector [31], and even outperforms it in the pedestrian
classes. This is a noteworthy achievement considering that
the radar-centric DOGM does not rely on machine learning,
and dynamic object detection is only one aspect of the
information it can provide. Furthermore, it is significantly
improved compared to the basic HSBOF-RS. Interestingly, it
appears that, for all classes, performance is more constrained
by precision rather than recall, although both metrics require

TABLE II: Results on the Radarscenes validation dataset.
HSBOF-RS/Ours are NuScenes mAP.

Radarscenes (val)

Method APewr | APuge | APow | APyeq | APyp | mAP

HSBOF-RS 30.1 24.9 10.7 5.1 7.3 15.6

PointPillars[31] 54.2 53.7 38.8 11.2 22.5 36.1

YOLOv3[31] 70.2 61.9 57.4 34.4 55.7 55.9

RadarGNNJ[32] 72.0 70.1 66.6 34.0 58.3 60.2

Ours 38.7 24.1 35.7 30.6 34.5 32.7

Recall (R) and Precision (P)

Method Rear Rlarge Riw Rped Rerp Recall
Ours 47.3 322 47.7 39.9 45.0 42.4
Method Pear Plarge P Pped Porp Prec.
Ours 16.4 54 27.6 14.1 17.0 16.1

improvement. Furthermore, the large vehicle class, which
one might expect to perform best due to its size, actually
has the lowest detection scores. This is likely due to the fact
that larger objects are often fragmented, particularly affecting
the precision metric. Enhancing precision involves improving
the clustering algorithm and fine-tuning the RadarDynablox,
thereby reducing false positives. Addressing recall requires
a more sensitive dynamic classification, achieved by inte-
grating elements of the particle-based classification from the
traditional DOGM algorithm into our radar-centric approach.
In cases of low recall within DOGM, the issue isn’t object
absence but misclassification as static. Machine learning
could assist in solving this classification challenge.

Overall, we did not expect to surpass state-of-the-art deep-
learning-based radar object detectors. Instead, our objective
was to assess the performance of a radar-based DOGM and
get an understanding of its shortcomings and strengths. It
can serve as a first benchmark and provide insights for future
research directions and improvements.

V. CONCLUSION

In conclusion, this paper presents a radar-centric DOGM
algorithm and the first comprehensive analysis of radar-based
DOGMs, demonstrating their potential for object detection.
Our approach outperforms traditional DOGM algorithms
when radar is utilized as input, showcasing the efficacy
of our radar-centric approach. For future work, we aim
to further enhance classification accuracy by integrating
machine learning techniques. Additionally, we see potential
in utilizing DOGMs as input for object detection algorithms,
for example, in a BEV-Fusion framework [34].
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