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Abstract—A novel concept for indoor self-localization based
on rotating artificial landmarks with known locations using
short-range radar is proposed. First, a processing pipeline for
extracting range and angle measurements to the landmarks from
a raw radar image is introduced, which consists of a neural
network for distance estimation and a basic angle-of-arrival
estimator. Second, a particle filter for tracking the pose based on
the range and angle measurements is developed. Due to the ability
of radar to measure range rate, i.e., the velocity in the direction
of a detection, it is possible to robustly detect and localize rotating
landmarks with the help of their micro-Doppler pattern. In this
way, localization is possible even under difficult conditions (e.g.,
light changes). Experiments with a wheeled mobile robot and
common office fans as landmarks demonstrate the effectiveness
of the approach for indoor localization.

Index Terms—Indoor localization, inside-out tracking, short-
range radar, micro-Doppler

I. INTRODUCTION

Self-localization, i.e., the sensor-based determination of the
own position with respect to a global reference system is an
essential task for many mobile technical systems. In particular
for indoor environments, localization [1]-[6] is challenging
as a high position accuracy is typically desired and Global
Navigation Satellite Systems (GNSSs) such as the Global
Positioning System (GPS) are not available.

A common setup for indoor localization involves envi-
ronment sensors, e.g., cameras, lidar, or radar sensors, that
are mounted on the mobile device (also called inside-out
approach). Based on the environment sensors, either features
of the surroundings can be matched with a global map [7] or
relative measurements to landmarks [8]—-[10] can be obtained
for localization. A wide range of inside-out approaches based
on cameras are available [11], in particular in many Virtual
Reality (VR) systems [12]. However, the use of cameras is
often a risk for the user’s privacy and there is a high sensitivity
to lighting conditions and occlusions. An alternative approach
is conducted by SteamVR [12], which uses base stations that
actively send out infrared signals. A further approach is to use
special tags or beacons for radio signals [13] such as Radio
Frequency Identification (RFID) tags [14], which improve the
radar cross section.

Lidars [15] can provide high resolution point clouds, while
radars [16], [17] on the other hand provide intensity images
and can also detect range rate. Different possibilities for

Fig. 1: The mobile robot extracts the distance and angle to the
rotating landmark with its radar device by exploiting the micro-
Doppler pattern of the landmark.

landmarks exist, e.g., radar corner reflectors [10] or special
transponders [18] are available. A property of Frequency
Modulated Continuous Wave (FMCW) radars is their ability
to detect range, range rate (i.e., velocity in range direction),
and angle-of-arrival. Ultra-wideband pulse radars can be faster
(better update rate and lower processing time [19]), while
an FMCW radar generally has better signal-to-noise ratio
due to the higher power of signals, e.g., [20]. As the range
resolution of FMCW radar depends on the bandwidth, ultra-
wideband technology can be applied for these types of radar,
see, e.g., [21].

A. Contribution

In this work, we propose a new type of artificial landmark
for indoor localization using FMCW radar, see Fig. 1, The key
idea is to employ rotating parts in the landmarks that cause a
micro-Doppler pattern [22], [23] in the radar image. By this
means, the detection of landmarks is significantly improved,
and relative position measurements can be robustly extracted.

In order to demonstrate the practicability of the idea, we
present a landmark detection and self-localization pipeline for
a mobile robot equipped with an FMCW radar.

A key element is a novel approach for detecting distances to
micro-Doppler sources in radar images using a Convolutional
Neural Network (CNN). Furthermore, the processing pipeline
consists of a standard bootstrap particle filter, see, e.g., [24],
[25], for pose tracking.

B. Related Work

To the best of our knowledge, there are no works using
radar to detect micro-Doppler signatures of rotating artificial



landmarks to determine the distance and angle towards that
landmark for self-localization.

Landmark-based approaches for localization using radar can
be found in [9], [10]. Static objects are extracted as peaks in
the intensity image and used as landmarks by reducing noise
and multipath reflections in [9]. Only range measurements
are considered for this landmark identification. The multiple
points are then matched. Specific corner reflectors and the
distance measurements to them are utilized in [10]. Works
such as, e.g., [26], model landmarks using tags which register
the radar signal and return it and can possibly encode an
identifier. A different approach using distance measurements
to multiple transponders, or tags, providing unique IDs is
presented in [18]. Tags which return a frequency comb not
suffering from multipath interference for drone localization
are introduced in [27].

Simple, passive reflectors are used in [28] for fingerprinting
and multilateration using a radar. Special tags are also used in
an automotive context [29], but only for presence detection of
vulnerable road users, not range estimation. Other materials
like photonic crystals are evaluated in [30]. The Doppler shift
to a spinning beacon is utilized in [31] to find the angle-of-
arrival towards the beacon. In [32], a rotating RFID tag is
used to increase detectability. In a similar way, a vibrating tag
is used in [33]. Another work determines whether a rotating
marker is present in the radar’s field of view to be used as
a warning signal [34], but none of these utilize the micro-
Doppler pattern created by a rotating landmark.

There are works using the property of radar to detect
velocity to identify the micro-Doppler signatures of drone
rotors, e.g., [35]-[39]. CNNs are also applied for the clas-
sification of drones or their motion states based on micro-
Doppler signatures in, e.g., [40], [41]. For detection and
classification, a deep CNN is applied in [42] and a long
short-term memory neural network for detection, classification,
and localization is utilized in [43], in which they handle the
localization by determining the angle for the received micro-
Doppler pattern over time. The work [44] suggests a model
which processes radar data using convolutional layers in a vari-
ational autoencoder to learn features to be used for different
applications like estimating the distance to a corner reflector.
In the context of 5G, the work [45] proposes a novel approach
for indoor simultaneous localization and mapping via known
base stations in combination with a new estimation method
to determine the propagation path of the signal. Transmitter
antennas are at the base station and receivers at the target to
be localized.

C. Structure

The remainder of this work is structured as follows. The
problem this paper intends to tackle is described in Section II.
In Section III, the detection of rotating landmarks is presented,
followed by a description of the positioning algorithm based
on those landmark detections in Section IV. We discuss our
approach in Section V. The paper is concluded in Section VI.

II. PROBLEM SETTING

The general problem that this work is concerned with is
localization, i.e., the determination of the absolute location
and orientation of a mobile robot. To this end, the pose of the
robot at time k, defined as

Xp = [mr1 My ﬁk]T ; (1)

is to be determined, based on knowledge of the global position
of a set of landmarks. Here my 1 and my o represent the
Cartesian position of the robot, and 6}, its orientation.

A set of N global landmark locations in Cartesian coordi-
nates p’ = [pj pg]T € P with j € {0,..., N—1} is known.
Note that the time index for pj is omitted, since landmarks
are stationary.

At each time step, by processing the radar data as
discussed in Section III, we receive M observations
vi=[ri a};]T €Yy with i € {0,...,M — 1}, where r},
and o, denote the range and bearing to the i-th landmark. For
a known association (i, j), the measurement model is

l V@ —mi )2 + () — mi2)?

atan2(pl — my 2, p] — mi1) — Ok

i = +wh o, (2
with measurement noise wi ~ A(0,R). The objective is to
determine the posterior probability distribution p(xj|Y1.x) of
the state xj, where we can get an estimate via the posterior
mean X = E[xz|Y1.4]-

The overall localization system is illustrated in Fig. 2. It
can be divided into two individual subproblems:

o The first is the extraction of the distance and angle to each
landmark, given a relative estimate of the robot pose, see
Section III.

o The second is the sequential (Bayesian) estimation of
the overall pose given these range/angle measurements,
see Section IV, which consists of alternating update and
prediction steps.

We utilize a Multiple Input Multiple Output (MIMO)
FMCW radar, namely the BGT60ATR24C 60 GHz radar from
Infineon [46]. It works by sending out a chirp, i.e., a signal
with increasing frequency up to a bandwidth of 4 GHz, and
receiving its reflections. It produces an intensity image for
discrete range and range rates. The radar has two transmitter
and four receiver antennas, arranged in a way that using virtual
antennas, it is able to produce a horizontal array of up to four
antennas. It can also produce up to three vertical antennas,
but we only consider 2D detections for this work. The phase
shift of the signal for a given frequency/range can be used to
determine the detected object’s angle-of-arrival.

The FMCW radar was set up to have a range resolution
of 0.0187m with 128 range cells, resulting in a maximum
range of 2.3983 m, and a range rate resolution of 0.0518 ms~*
with 64 range rate cells, resulting in a maximum range rate
of £1.6567ms~!. We only used one transmitting antenna,
so the number of virtual antennas and thus the number of
channels was four, with only the first three of them belonging
to antennas arranged in a row for angle estimation.
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Fig. 2: Overview diagram of the proposed processing chain at time step k.

An example radar image from a single channel can be found
on the left in Fig. 2. The closer landmark is clearly visible as
a static object, but its micro-Doppler pattern as well as the
second landmark are hard to see for the human eye, while the
CNN, which will be introduced in the next section, is able to
learn finer details.

For the experimental setup, the previously described FMCW
radar was mounted to a mobile robot. We used a Turtle-
bot 3 [47]. Based on internal sensors and wheel odometry,
the robot provides information about its own location and
orientation, which was extracted for the ground truth. Further-
more, we employed small office fans (approximately 18 cm
diameter) as the landmarks for the experiments. They were
placed in front of the robot at a suitable distance facing the
radar, and the angle and distance between robot and landmarks
were determined for the initial robot location. Using the
available robot odometry, the relative landmark position can
be determined dynamically from this initial global landmark
position.

III. LANDMARK DETECTION

The detection of landmarks consists of two steps. First,
range estimates of possible landmarks are estimated using
a CNN, described in Section III-A. As the second step, the
FMCW radars multiple antennas are utilized to calculate an
angle estimate for each range estimate. This is explained in
Section III-B. The landmark detection is then evaluated in
Section III-C.

A. Range estimation via CNN

To differentiate the landmarks from the static environment,
we utilize the micro-Doppler pattern created from the rotation
of the landmark. The radar provides a measurement m in the
shape of an h X w X a intensity image, with a = 4 the number
of channels, i.e., antennas, w the range rate resolution, and h
the range resolution. An example for a single channel can be
found on the left of Fig. 2. To detect and localize the micro-

Doppler pattern of a landmark, we utilize a CNN. Before m
is passed to the CNN, it is pre-processed according to

log(|m[) — min(log(|m]))
max <log(|m|) — min(log(m|))>

i.e., the measurement is first converted to log-space, and then
normalized to the interval [0, 1] by subtracting the minimum
and then dividing by the maximum of the resulting trans-
formed measurement. Note also that we use the absolute values
|| of the radar image, which is usually complex. We ignore the
phase information here because we only require the intensity
to determine the micro-Doppler pattern. The phase information
is used later to determine the angle of arrival in Section III-B.

The CNN gets the processed radar image m, which can be
interpreted as a normalized h X w X @ intensity image. The
image is processed by 8 convolutional layers with Rectified
Linear Unit (ReLU) functions in between. An important aspect
is the 4th layer which has a kernel width equal to w, which
corresponds to the range rate dimension, i.e., the range rate
is flattened to consider the entire Doppler spectrum for each
range cell at once. While every layer uses padding to ensure
the dimensions do not change, this layer uses no padding in
the range rate dimension. This network structure results in a
single array of length h as output, i.e., an array with dimension
equal to the range resolution of the radar, which serves as a
heatmap providing high values for those range bins which are
predicted to contain a landmark. The detailed structure of each
convolution layer in sequential processing order is given in
Table 1.

For each image, the corresponding ground truth provides the
true ranges of existing landmarks. During training, a heatmap
is created for each input frame which has a value of 1 for
each range bin containing a landmark and O otherwise. At the
same time, a sigmoid function limits the output values of the
CNN between 0 and 1. For training, we then utilize binary
cross entropy loss.

Training of the CNN was conducted using a manually
recorded dataset of 604 images. For the dataset collection,
we used two landmarks and manually measured their distance
and angle to the sensor mounted on the robot. We then

Ii’l:
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TABLE I: The number of input and output channels, kernel size, and
padding used for the convolution layers of the CNN used in this work.
Same padding means that the padding is chosen in a way that the
image dimensions are preserved. There is a ReLU activation function
in between each layer.

no. of input channels | no. of output channels | kernel size | padding
4 8 3, 3) same
8 32 3, 3) same
32 64 3,3 same
64 128 (13, 64) (6, 0)
128 128 (7, 1) same
128 64 S, same
64 32 A3, 1) same
32 1 3, 1) same

collected data while moving the robot. Our setup used the
robot odometry to determine the change in robot pose and
update the relative landmark locations. We then saved the
radar images along with the true relative landmark locations,
resulting in a dataset consisting of 604 images used for training
the CNN. Before conducting the training process, the images
are shuffled. In the same manner, we collected 452 images
to use as the validation set. To increase the data set size for
training, two types of data augmentation were employed.

In addition to the original data, ten different random erasing
augmentations were used, in which a rectangle covering 2%-
15% of the original image was erased, with an aspect ratio
of 3 to 15, i.e., vertical blocks were erased in order to ensure
that the micro-Doppler pattern was not entirely removed. This
first augmentation increases the data set by a factor of 11.
Afterwards, the resulting data set was additionally flipped
horizontally, which is possible as high intensity stationary
objects are at a range rate of 0 and the micro-Doppler patterns
are centered around 0, meaning flipping the data still produces
valid images. In total, the composition of these two transforms
yields a data set of size 13288 for training.

As the optimizer for training, AdamW [48] was used. The
learning rate was 1074, and weight decay was set to 0.01.
Training was conducted for merely 3 epochs, after which
satisfactory results were achieved.

An example of the intensity heatmap for a given radar image
can be found in Fig. 2. As the output of the CNN is a heatmap,
we utilize the peak finding algorithm find_peaks from the
scipy signal library [49] to get specific range estimates for
landmarks.

B. Angle extraction via local averaging

Due to the FMCW radar using multiple antennas, a de-
tection coming from an angle will result in a phase shift.
Therefore, for each range and range rate cell of the radar
image, we can use the phase shift between the corresponding
antennas along with the intensity of the received signals to
calculate weights for different possible angles. This is also
called digital beamforming [50]. We consider 181 virtual
beams in between +45°. We then use the cells’ intensity to
create the norm of the weights for each range-angle pair over
the range rate dimension. As we know that movement stems
from the rotor blades of the landmark, but static objects can
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Fig. 3: Schematic example of the angle estimation process. The
colored squares are a simplified representation of the range cells and
their intensity represents a Gaussian distribution with the mean at the
range estimate. On the right, the angle estimates calculated from the
different channels of the corresponding range cell are visualized as
arrows. An example of randomly drawn particles from the Gaussian
is displayed on the left, each contributing with their corresponding
angle to the overall angle estimate in red.

be anywhere in the environment, we decided to ignore the
range rate cells in a band of £20% of the maximum range
rate around O range rate. As a visual example, we can say
that we remove the area of the central intensity column in the
image on the left of Fig. 2. Finally, we normalize those final
weights to calculate a weighted average of the angles for each
range cell.

We described the range estimation in Section III-A. How-
ever, the range estimate is uncertain. Due to the discrete nature,
even small deviations of the range can lead to large errors
in the angle estimate if the wrong range cell is chosen. To
handle this, we also consider the range cells in the vicinity of
the estimate. Using a Gaussian distribution with fixed variance
and the range estimate as mean, we generate some, e.g., 100
range values. Due to the nature of the Gaussian distribution,
more range values will be drawn closer to the original es-
timate. For each range value, the corresponding range cell is
determined and its angle estimate is calculated. The final angle
estimate is then taken as the mean of the individual estimates.
An appropriate uncertainty for the Gaussian is determined
experimentally. We found a standard deviation of 5cm, or
approximately three range cells, to yield satisfactory results.
The process is sketched in Fig. 3.

C. Experimental Evaluation of the Detections

For the evaluation, we use the CNN to calculate a range
estimate for each frame of the validation set. We apply
the Hungarian assignment algorithm, implemented in the
scipy [49] library, to associate the estimates to the landmarks
based on their ranges, removing all associations with an error
higher than 30 cm. For each such estimate, we use the method
described above to estimate the angle. This results in a set
of range-angle estimates and associated landmarks per frame.
Then, the mean and median of the range and angle errors
are calculated. Furthermore, we additionally consider missed
landmarks and false estimates to determine the precision and
recall over the entire validation set. The precision is the



TABLE II: The mean and median of the range and angle error (low
is good) as well as precision and recall (high is good) of the CNN
(ours) and a baseline method detecting the peaks of the sums of range
rows (sum), both using the same angle estimator on the validation
set.

Error measure Ours | Baseline
Range mean(median) error in cm 3.67(1.2) 7.17(5.33)
Angle mean(median) error in degree | 9.53(8.94) | 10.14(10.30)
Precision in [0, 1] 0.87 0.61
Recall in [0, 1] 0.73 0.54

percentage of produced detections matching a true landmark,
whereas the recall is the percentage of true landmarks which
were detected.

For our method, we consider only peaks with a minimum
height of 0.01 in the heatmap. As a naive baseline, we
utilize that the micro-Doppler pattern of a landmark results
in higher intensities at the corresponding cells, so we create
an alternative heatmap via the sum of the range rate cells
per range cell. As this heatmap has much higher values and
much more peaks, we consider a minimum peak height of 30
and a minimum peak width of 5 cells. During our evaluation,
this resulted in the best trade-off between precision and recall.
Results of this evaluation are presented in Table II.

Given a maximum detection range of approximately 2.4 m,
the range error is small in relation to it, with a median error
of merely 1.2cm or 0.5% of the maximum range. The error
is also reduced to approximately half of that of the baseline.
Furthermore, it is important to note that due to the spatial
extent of the landmark, a detection on the outer parts of the
fan will introduce an angular error, even though the landmark
is correctly detected. The precision demonstrates low false
detections relative to the overall detections, while the recall
shows that the CNN more often misses a landmark instead
of detecting false ones. In both categories, the CNN improves
the naive approach. The occasional missed and false detections
can be handled by fusing measurements over time in a filtering
algorithm, which is described in the following section.

IV. ROBOT LOCALIZATION

Due to the non-linearity of the estimation problem, we
employ a bootstrap Particle Filter (PF) [25]. The transition
density is assumed to be

p(Xp|xp—1) N (Xp; X1, A - Q) €]

with A; being the time difference between the current and last
scan in seconds and process noise covariance matrix Q.

The overall distribution of the state is represented by a
weighted set of n, particles. Given the particles ch—1 and
weights w!,_, for time k—1, and the newly received measure-
ments Y from time k, the updated particles ch and weights
wi (1 =0,...,n, — 1) are obtained by

1) sampling the particle state via the state transition density

xj, ~ N xg 1, A Q) 5)
2) computing the new particle weights as

wh, o< p(Yi|xE, P) (6)

3) normalizing the particle weights to sum to 1,
4) performing resampling, setting the weights to be uniform.

A. PFarticle Likelihood

This leaves only the particle likelihood p(Y|x%,P) to be
determined. Due to the unknown associations between detec-
tions Yy, and landmark positions P, an approximation needs
to be found. To this end, we compute a matrix Lj, € RM*N,
where an entry L represents the log-likelihood' of observing
the detection yj for the true landmark p’, given the current
particle state _ng. For brevity, we omit the particle index [ when

describing L. An individual entry L}’ is computed as
i,j i, apl
Ly =1og (V (vi: 37\ R)) ™
where R is the (polar) measurement noise covariance matrix
and y;j is the expected observation of landmark p’. Using the
particle state x}, = [m} m} GI}T, it is computed as
yi" = cartToPol (rot(—@l) - (p? = [m} mlz}T)) , (8

using cartToPol(-) to convert a vector from a Cartesian to a
polar representation, and rot(-) to construct a rotation matrix.

Furthermore, we apply gating as a standard approach
to handle clutter, by setting all values in Lj corre-
sponding to an association between a detection and land-
mark with (Cartesian) distance above a threshold v to
log(10719%). From the matrix Ly, the estimated associations
I, € {0,...,.M — 1} x {0,...,N — 1}) can be found by
solving the linear assignment problem for the negative log-
likelihood matrix —Lg. To this end, we again employed the
Hungarian algorithm. Given IIj, the overall likelihood is then
approximated as

p(Yilx, P)mexp | > L7 |, ©)

(2,7) €Iy,

i.e, the overall likelihood is computed as the product of the
individual likelihood of associated detection-landmark pairs.
Using (9), the unnormalized particle weight in (6) can be
directly computed.

B. Implementation Details

For the practical implementation of the filter, it is important
to note that the orientation as part of the state space is
bounded in [0, 27) and periodic. Therefore, care must be taken
when computing an overall consolidated estimate given the
individual particle states. One way to deal with this issue is to
compute the average in Cartesian space by converting each 6'
to [cos(6') sin(@l)]T, and then computing the angle of the
result to the x-axis.

Furthermore, it is necessary to choose the free parame-
ters in the previously defined PF algorithm. We tuned all
parameters empirically for the evaluated setting of indoor

IThe log-space representation is merely used for computational stability of
the numerical calculation.
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Fig. 5: Absolute translational and angular errors throughout the trajectories over time. The colors correspond to the colors of the individual
trajectories in Fig. 4. Note that due to the different lengths of the trajectories, the number of time steps varies between them.

localization. The gating distance was set to v = %m. The
process noise covariance used for importance sampling was set
to Q = diag(0.05m,0.05m, g7 rad)? and the measurement
noise covariance to R = diag(0.04m,0.175rad)?. The values
for the measurement noise covariance were chosen in accor-
dance with the results obtained in Section III. The number

of particles was n, = 1000. Since the initial position was
by definition known to be at [0m Om Om]T, all particles
were initialized at that pose. Note that before the first weight
update, an importance sampling step will be carried out.

C. Experimental Analysis

For the evaluation, the presented filtering system was em-
ployed together with the CNN-based detector. Three trajecto-
ries were recorded in the same manner as described in Sec-
tion II and Section III-C using two fans as rotating landmarks
facing the robot. Results of the localization are shown in Fig. 4.
In all cases, the robot started on the left facing the landmarks
and moves forward to the right (and in the second trajectory,
it moves backwards at the end) while keeping at least one
landmark in its field of view. The corresponding average
Cartesian position and angular errors are given in Fig. 5. In the
first trajectory, the robot moved along a straight line towards
the two landmarks. On this trajectory, the localization is highly
accurate, with an average error of 2.29 cm and no noteworthy
outliers. The second trajectory yielded similarly good results.

However, towards the end of the trajectory, the orientation
estimation begins to drift off, which in turn causes a slight
increase in error to at most 0.1 m. This is also visible in
the trajectory estimation in Fig. 4b, where towards the end,
the robot is moving away from the landmarks in a slightly
incorrect angle. Nevertheless, the overall trajectory is closely
followed, and the mean Cartesian error is still 2.31 cm. On
the third trajectory, however, the filter exhibits problematic
behaviour earlier in the sequences. An in-depth analysis of
the processing chain revealed that throughout these time steps,
only a single landmark is successfully detected. Hence, the
overall problem is underdetermined, and the robot location
starts drifting off. Still, the general direction of the robot is
followed, i.e., the filter does not diverge. As more landmarks
are visible towards the end of the trajectory, the pose estimate
begins to correct. In total, the mean Cartesian position error
in this trajectory is 13.03 cm. Overall, the estimation of the
angular component of the robot pose appears to be more
challenging for the system than the Cartesian localization.

V. DISCUSSION

In Sections IIT and IV, results of both the landmark detection
as well as the entire localization results were presented.
Overall, the pipeline was found to yield accurate results, in
particular regarding ranging and positioning, with a mean
range detection of less than 4 cm. Throughout the relative



localization of a mobile robot, positioning errors of below 5 cm
were observed, which did, however, increase in individual
situations. This can be contributed to several factors.

Landmark visibility and hence detection recall were found
to strongly impact errors, as visible in Fig. 4c and 5. Fur-
thermore, the angular estimation is more challenging than
the range detection. While the larger error of the angle in
comparison to the distance shown in Table II can partially be
attributed to the physical extent of the landmark, the results in
Section I'V have shown that incorrect angle estimates can cause
drift-like behaviour of the positioning system. Also, due to our
angle extraction framework, multiple landmarks occupying the
same range cell can not be distinguished. Handling such cases
would be possible with an adapted framework.

The current filtering approximates the measurement likeli-
hood as a Gaussian. However, the difference between mean
and median detection quality indicates that this model as-
sumption is inaccurate. For the ranging estimate, the mean
is three times as large as the median, indicating that the error
distribution is not Gaussian, but instead skewed by outliers.
These outliers are likely caused by misdetections of the CNN,
as also visible in the precision of the network. Neither the pre-
cision nor the recall of the network is explicitly modeled in the
current exemplary filter, potentially hindering performance. A
more elaborate filtering system taking these error sources into
account could, hence, prove noticeably more robust against
outliers, improving performance in the challenging situations
causing the current filter to drift from the true trajectory. With
better knowledge of the robot motion model, an improved
sampling procedure for the PF may drastically reduce the
required number of particles.

VI. CONCLUSION

In this work, we introduced a novel concept for the lo-
calization of a mobile robot, specifically with application to
indoor positioning. In particular, we presented rotating fans
as a novel type of landmark for radar sensors. A prototypical
processing pipeline was proposed, consisting of pre-processing
of the radar, a CNN-based landmark detector, and finally
a PF-based positioning system. In experiments using real-
world data collected using an FMCW radar and small office
fans, we found the system to yield centimetre-level accuracy.
However, in individual situations, erroneous detections caused
the positioning results to drift further from the true robot
location. Conceptually, compared to a camera-based system,
the radar-based processing chains means the system is not
reliant on ambient lighting, and offers safety regarding privacy
concerns. The landmarks employed here are merely required
to be rotating and stationary, but do not need to actively engage
in the localization process.

The presented experimental setup was designed using sim-
ple components with the aim to validate the potential of
employing landmarks with rotating parts at all. Naturally, the
positioning system can be improved. One possible direction
for such future work can be an improved Bayesian filtering
system, taking the object dynamics into account. Additionally,

the precision and recall of the detector could be incorporated
into the filter, avoiding issues in cases where not enough
landmarks are detected to fully determine the robot location.
Furthermore, exploring the influence of prior pose uncertainty
on the filtering accuracy can be of interest. It is also worth
investigating whether the phase information can be used
directly in the CNN. Moreover, different technical setups, e.g.,
with more or different landmarks could be considered in order
to further improve the accuracy of the localization system.
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