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Abstract
Radar sensors in advanced driver assistance systems sense the traffic scene identifying reflec-
tions occurring in the environment. Clutter contained in the data is caused by multipath and
scattering effects leading to signal processing challenges to identify weak targets, which is
critical for vulnerable road users. To be able to test a radar for its robustness against clutter,
suitable clutter models are required. In this paper, an approach for filtering reflections follow-
ing the CLEAN algorithm is proposed. By iterative decomposition of processed radar data to
a superposition of point sources, reflections are isolated for a replay with a radar target simu-
lator (RTS) to form a digital twin. Field datasets recorded in a parking garage are analyzed for
its radar target and clutter statistics. After the analysis, a list of possible point targets for replay
with an RTS is available and residual radar cross-section levels are analyzed and compared to
Swerling I case.

Introduction

Automotive radar applications include safety-relevant functions as emergency braking or adap-
tive cruise control. For a safe and reliable operation, traffic participants need to be identified
with high fidelity. As radars transmit and receive electromagnetic waves, reflections resemble
targets exhibiting a certain reflectivity. Transmitted electromagnetic waves propagate in the
environment concluding in characteristic propagation paths, consisting of direct reflections
and multipath behavior, which can be mapped to a certain driving environment. Frequency
modulated continuous wave (FMCW) radars perform fast-Fourier transformations (FFTs) for
computing range, velocity, and angle of arrival (AoA) information [1]. If the radar antenna gains
are known, the radar cross-section (RCS) of targets can be estimated. Reflections with signif-
icant RCS can be further identified as traffic participants or infrastructure. A simplified block
diagram of the processing chain is shown in Fig. 1.

Many sensors offer an output list of processed traffic objects which can be used for a replay
with a radar target simulator (RTS) as digital twin [2, 3]. Additional information could still be
extracted like scenario-specific clutter statistics. Especially the presence of clutter challenges
the detection of vulnerable road users, and various methods are proposed to characterize [4, 5]
and minimize its influence [6]. Recent research also investigates the clutter statistics of weather
phenomenon like rain [7]. As consequence, a digital twin for the radar sensor should feature a
model beyond the traffic participant list and include clutter statistics. In this paper, a method
for analyzing ADC samples to determine clutter statistics and preparing the radar output for a
playback with an RTS as digital twin is proposed. The approach is based on the CLEAN algo-
rithm [8] and decomposes the range-Doppler (RD) map to a superposition of point targets.
CLEANwas developed for radio astronomy but was adapted to radar processing to increase the
deception capabilities of weak targets in the presence of strong ones [9]. For example, ground
clutter was estimated and removed in passive radar application [10] and additional sidelobe sup-
pression was investigated in pulse compression technique [11]. In this paper, CLEAN is applied
to the RDmap in FMCW-type radar for the automotive environment to compute a list of point
targets. The identified targets are recorded and prepared for a replay in a laboratory using an
RTS. Targets with a low RCS will be considered as clutter, the limit is set to a fixed RCS level
in the algorithm. An earlier version of this paper was presented at the 22nd European Radar
Conference (EuRAD) 2025 and was published in its proceedings [12]. In “Concept” section,
the CLEAN method is presented and field data collection and applied processing is explained.
In addition, the principle of RTS will be described. As extension to the previous publication,
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Figure 1. Typical signal processing chain in FMCW radar.

a second dataset is recorded and processed with CLEAN with
improved handling of overlapping targets. Further analysis of the
residual of the algorithm is performed. In “Data analysis using
CLEAN” section, the algorithm for signal decomposition is applied
and results are discussed. An interpretation of extracted clutter
values for the scenario is provided and sensor effects influencing
clutter statistics are identified. “Conclusion” section summarizes
the results and proposes improvements and possible next steps.

Concept

Theoretical background

A common approach for isolating reflections leading to target
detections are constant false alarm rate algorithms. They perform
well against background noise and interference [13]. However, the
approach of this paper is the recreation of the sensor receiver val-
ues including effects which may challenge the target detection of a
radar. In order to form a digital twin of the radar data, the infor-
mation is filtered using CLEAN. The goal is an approximation
of the sensor receiver values with a limited set of point targets.
CLEAN assumes the data can be described by a superposition of
point sources which are affected by a point spread function (PSF).
By decomposing the original data into a set of point sources and
removing the PSF, a list of reflections is created which can be used
as target list. Figure 2 describes the algorithm. The terminology
assumes a “Dirty Map” or “Dirty Image” as initial dataset to be fil-
tered. The Dirty Map is scanned for its maximum located in bin
I. The peak multiplied by the PSF is considered the “Dirty Beam.”
The Dirty Beam is then subtracted and the residual becomes the
“Residual Map” to be scanned for the next iteration.The algorithm
continues until a defined threshold is reached.

Each RD map R can be sampled by a sum of weighted and
shifted PSFs A ⋅ PSF(x − I) according to:

R =
k

∑
i=1

𝜅 ⋅ Ai ⋅ PSF(x − Ii) (1)

𝜅 is the loop gain and can be chosen to (0,1]. With a loop gain
< 1, a reflection can be sampled by multiple smaller ones resulting
in a better recreation of the signal. Especially sampling reflections
from extended objects could be improved by this. As the number
of available point reflections scales with hardware in an RTS, it is
beneficial to synthesize the environment with the lowest amount

Identify peak in bin I Form Dirty Beam

around Peak

Subtract Dirty Beam

from Residual Map

Update Residual Map

Stop criteria reached?End
Yes

No

Update Clean Map(I)

Initiate Dirty MapStart

Figure 2. CLEAN algorithm flow chart.

Table 1. Radar parameters of dataset 1 and 2

Radar parameters Value (AWR1642) Value (AWR1843)

Start frequency 77GHz 76GHz

Range resolution 0.1526m 0.2891m

Doppler resolution 0.0919m/s 0.0885m/s

Radar cube 272 × 255 × 4 108 × 128 × 4

Stored sample width 16 bits 16 bits

Sampling rate 5.535 MSPS 12.5 MSPS

Measurement interval 500ms 50ms

RX channels 4 4

Field of view ±60∘ ±60∘

of point targets. Therefore, a loop gain of 𝜅 = 1 is chosen. A scales
the PSF with the amplitude of the measured peak.

Field data collection

Radar field data are recorded using an automotive radar evalua-
tion kit TI AWR1642 with DCA1000 evaluation board mounted
at the front of a car. While driving, analog-to-digital converter
(ADC) values of the intermediate frequency signal are recorded.
The collected data consist of radar cubes with 272 ADC samples,
255 chirps, and 4 receive channels. Every 500ms, a new radar cube
is fetched as radar snapshot. A total of 600 snapshots are recorded,
resulting in a scenario duration of 5minutes. For further analy-
sis, a second dataset of the same environment is recorded with
5999 snapshots in the same time using the radar evaluation kit TI
AWR1843.The datasets will be referred to as dataset 1 (AWR1642)
and 2 (AWR1843). Parameters regarding the sensor configurations
are summarized in Table 1.

As driving environment, a parking garage was chosen. The sce-
nario is common in the automotive domain and features many
large close-by scatterers like cars andmetallic bars. Figure 3 shows a
picture of the environment.The receiver noise floor is estimated by
a background measurement against sky to avoid the measurement
of any reflection. The mean and standard deviation s of the back-
ground data are calculated. Based on this, 3s environment around
the mean noise level is excluded from the scenario data to ensure
that noise will not contribute to the measurements. Furthermore,
the field of view of the sensor is limited to ±60∘. Data with wider
estimated AoA are excluded.
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Figure 3. Parking garage as measurement
environment.

ADC samples processing

The radar cube of each snapshot can be processed by applying an
FFT. Its input data are multiplied by a Blackman window, zero-
padding of factor 4 was applied. Reflections can be identified in
the RD map. For AoA estimation, the Bartlett beamformer is used
[13]. As output, receiver amplitudes normalized to the maximum
and given in dBFS (decibels relative tomaximum level or full scale)
are available along range, Doppler, and AoA. Receiver values of the
scenario are further regarded for the dataset 2 from TI AWR1843.
Histograms of all values above the noise floor are summarized
in Fig. 4 showing characteristic details about the environment and
the applied processing. The vehicle was manually driven with a
targeted speed around 10 km/h agreeing with 2.78m/s. Due to
manual driving and accelerating, the targeted speed can be slightly
exceeded. The range from 6 to 20m was further analyzed. An
RD heat map shows maxima occurring in the scenario. It shows
most reflections at the speed of the ego-vehicle and features angle-
dependent Doppler migration effects from the detection of static
objects and curve driving. The histogram of recorded velocities
shows its peak at the measured negative ego-vehicle speed of
−3.281m/s and rolls off toward 0m/s.ThedetectedAoAhistogram
shows amaximumat 0∘, which can be explained by the architecture
of a garage forming a tunnel and reflecting energy back preferably
at center axis. Obstacles along the driving way are present at all
angles but appear dominantly as parking cars to the left and right.
In addition, the sensor antenna pattern decreases toward larger
angles resulting in fewer received values above the noise floor.

For simplification, the 2D RDmap is compressed to a 1D range
plot with the maximum receiver amplitudes across the Doppler
dimension. Doppler shift is introduced by the only moving object
of the scenario, which is the ego-vehicle itself. Furthermore, due to
the compression and low antenna gain in the elevation plane, an
AoA in the azimuth plane is assumed and each range bin in the 1D
plot is associated with a single AoA. These simplified processing
steps are expected to affect a target list and clutter statistics as, e.g.,
weak scatterers will be masked by stronger ones in a 1D plot. For
converting the received values into RCS, a Keysight E8719A RTS is
used. The received amplitude from the sensor is corrected against
a reference target from the RTS. Any type of RTS or reference tar-
get with a fixed known RCS could be used. The gain pattern of the
radar antenna is known; therefore, each AoA can be mapped to an
antenna gain. The setup is shown in Fig. 5. By applying the radar
equation [13], an RCS and the according received power for each
range bin can be calculated.

(a) RD map of scenario. (b) Histogram Angle of Arrival.

(c) Range histogram of detected
bins.

(d) Velocity histogram of
detected bins.

Figure 4. Histograms of recorded scenario.

TI AWR1642
Gain Pattern

RTS

1m Air Gap

Figure 5. RCS correction factor measurement using an RTS.

Radar target emulation

An RTS modifies the radar signal emulating a fixed amount of
point reflections with different delays, Doppler shifts, and ampli-
tudes. This results in reported point targets with range, relative
velocity and RCS [14]. Some architectures also allow the emulation
of AoA [15, 16]. Advanced RTS solutions feature an arrangement
of antennas similar to a screen allowing amultitude of point targets
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Figure 6. Measured and normalized point spread function with −3 dB contour.

with multiple AoA, which can be utilized for playback of detection
lists [17]. A final detection list always needs to be adapted to possi-
ble hardware limitations of the RTS, like, e.g., a maximum number
of simultaneous targets [3]. For creating a digital twin from the
sensor output data, it has to be mentioned that there is no stan-
dardized sensor output and recent research is discussing a possible
metric to establish the objective validation of point cloud outputs
[18]. The chosen approach aims to extract range, Doppler, RCS,
and AoA information from the sensor for all received frames as
these are parameters which can be set by an RTS and approximates
sensor information by providing a set of scaled point reflections.
An ideal point target has a constant RCS concentrated in a sin-
gle RD map bin at a single AoA. This can be approximated with a
corner reflector or point target being emulated by an RTS [19]. In
the mathematical description of a propagation channel, an equiv-
alent representation of a point target is the unit-impulse 𝛿 [20].
The processed output of a radar reporting a point target repre-
sents its system response. It includes radar-specific artifacts due
to, e.g., antenna, windowing, and additional processing steps and
can be used as PSF. A PSF for both datasets was measured, Fig. 6
shows the measured PSF of the TI AWR1642 in normalized power.
Windowing (Blackman)was applied to reduce FFT sidelobes below
the receiver noise floor. A PSF should be measured as high as pos-
sible above the noise floor ensuring scalability to various point
target RCS sizes. Based on the radar configuration profile and the
processing of ADC values, the PSF will change.

Data analysis using CLEAN

Target list extraction

After FFT processing, the RD map of each radar snapshot is avail-
able and compressed to a 1D range plot as described in “ADC
samples processing” section. Its dBFS amplitude values are shown
in Fig. 7. Peaks correspond to range bins and can include reflections
from multiple AoA. The information can be converted in a range
vs. RCS plot. Figure 8 shows RCS values according to the antenna
gain at the estimated AoA. As only one dominant AoA is estimated
per range bin, the curvemay have discontinuities. It is used asDirty
Map for searching peaks according to Fig. 2. As iteration stop cri-
terion for the parking garage scenario, an RCS level of 0 dBsm is
set. An RCS of 0 dBsm is specified as typical value for a bicyclist as
smaller traffic participant on the road [14].The iteration stop crite-
rion depends on the overall Signal-to-Noise Ratio of the analyzed
scenario and is limited by the available dynamic range of the sen-
sor. The iteration stop should be below the average scenario RCS
for analyzing clutter statistics. For a sensor with higher dynamic
range, a lower limit of −8 dBsm is proposed to include typical RCS
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Figure 7. Snapshot range vs. amplitude in dBFS.
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of pedestrians [14] and thus to include all vulnerable road users.
Table 2 summarizes the parameters used in the CLEAN algorithm,
as well as those for radar processing. For creating a target list for
an RTS with limited point targets per snapshot, a fixed number of
targets can be set as stop criterion as well.

All snapshots are analyzed, a list of possible targets and the
residual are recorded. Figure 9 shows the resulting superposition of
point targets in RCS, up to the iteration stop of 0 dBsm, for a single
range profile. Figure 10 shows the superposition of corresponding
extracted PSF with respect to the iteration stop expressed in the
originally received dBFS values.The iteration stop at 0 dBsm is con-
verted into the corresponding dBFS values based on the estimated
AoA. However, the list of targets for the digital twin needs to have
a fixed AoA for each PSF. For the first dataset, CLEAN operates on
reported magnitudes without phase information. A superposition
of closely spaced overlapping targets is therefore considered with
the same phase.The output of CLEAN shall be used as input for an
RTS architecture. However, RTS architectures are not always able
to offer the full control of the output phase, and an emulation of
targets by RTS is often assumed to happen with random phases.
As extension to the previous paper [12], the algorithm operates on
reported power for the second dataset and assumes the incoherent
superposition of radar targets. A full phase-coherent superposition
is expected to yield the most realistic superposition of overlapping
targets but requires phase information from the radar and phase
control of the RTS architecture, which led to the decision of relying
on an incoherent CLEAN implementation.

Residual analysis after CLEAN

All values below the iteration stop are considered clutter. These
values are intended to be added as random fluctuating values in
target emulation. The residual of CLEAN is defined by the iter-
ation stop criterion. In this paper, the stop criterion is defined
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Table 2. CLEAN algorithm and radar processing parameters

Parameter Dataset 1 and 2

Loop gain 𝜅 1

Iteration stop criterion 0 dBsm residual map level

Zero-padding factor 4

Window Blackman

PSF measurement method RTS E8719A point target in RD map
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Figure 9. Snapshot range vs. RCS as superposition of point targets.
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Figure 10. Snapshot range vs. amplitude recreated by weighted PSF.

with a fixed RCS value. Thus, the residual contains measured RCS
values between the sensor detection threshold and the stop crite-
rion of 0 dBsm. Stronger scattering centers are removed by CLEAN
and the residual only shows low fluctuating echoes, which are
expected to also originate from multipath. Its values are mea-
sured at different time snapshots and different ranges. To correctly
interpret the residual statistics, both processing effects and sensor
characteristics must be considered:

1) Range- and angle-dependent detectability:
Due to free-space path loss, targets with identical RCS are

measured with different receive powers depending on their
detected range. This results in a minimum detectable RCS that
increases with target distance. Range-dependent detection effects
are expected to bias the observed statistics and also affect the true
RCSmean values of the environment.With aCLEAN iteration stop
at 0 dBsm, the dynamic range of detectable clutter decreases with
distance. At larger distances, fewer clutter samples can be observed,
and only stronger residual contributions remain, as weaker scat-
terers fall below the minimum detectable RCS. Therefore, clutter
statistics will also vary depending on analyzed range. An angle-
dependent antenna gain further affects theminimumRCS by range
to be detected at the boresight of the antenna only.

Figure 11. Histogram of residual (Dataset 1).

2) PSF-related and signal-processing effects:
Clutter contains the unfiltered residual content of the RD map

and thus includes the target RCS roll-off from thePSF. It is therefore
influenced by the scenario dynamics in range and time but also
contains specific characteristics of the sensor itself. In addition,
mathematical artifacts and imperfections of CLEAN can also con-
tribute. The processing, FFT zero-padding, and compression of
data influence statistics. Especially the simplified 1D compression
can mask weak scattering centers, and a full 2D RCS estimation is
expected to reveal a better model of the clutter statistics.

The environment can be considered as homogeneous due to a
repeating driving path inside a parking garage. Due to the mov-
ing ego-vehicle, recorded reflections change their position each
time snapshot. In order to analyze the fluctuation of clutter, a
probability density function (PDF) of all received residual RCS
can be calculated. The histogram in Fig. 11 shows the residual of
the first dataset after CLEAN in RCS. The dataset was recalcu-
lated in this paper with improved angle estimation. By applying
curve fitting, an exponential PDF can be associated with the his-
togram. The residual RCS values 𝜎 are showing an exponential
behavior which resembles the fluctuating RCS of a Swerling I tar-
get [13]. This target model corresponds to a multitude of similarly
large isotropic reflectors. From snapshot to snapshot, the compo-
sition and/or the position of the reflectors changes and so does
the reported RCS. While the classical Swerling I model describes
the snapshot-to-snapshot variation of an individual target, the
observed behavior here results from an ensemble of weak, unre-
solved scattering contributions whose composition changes due to
ego-vehicle movement. The exponential PDF therefore character-
izes the aggregate fluctuation behavior of the residual clutter rather
than that of a single physical target. In addition, the processed data
include interpolated samples obtained via zero-padded FFT pro-
cessing, which introduces correlations between adjacent bins and
should therefore be regarded as oversampled representations of the
same measurement rather than independent observations. This is
expected to influence statistics and the true temporal scene mean.
In Swerling I, the RCS is constant in a single snapshot but varies
from snapshot to snapshot according to:

P(𝜎) = 1
𝜎avg

exp(− 𝜎
𝜎avg

) , 𝜎 ≥ 0 (2)

with a mean RCS of 𝜎avg . A dataset mean RCS is calculated from
all received residual clutter samples. In addition to that, extracted
target lists from the scenario can also be analyzed for statistics in
AoA, RCS, Doppler, and range for model creation of characteristic
driving environments.
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Figure 12. Histogram of residual for incoherent processing (Dataset 1 vs. Dataset 2).

As CLEAN operates without phase information, an incoher-
ent superposition of overlapping targets is further assumed and
CLEAN is performed again on both datasets. The histogram
in Fig. 12 shows the residual of both datasets using incoherent
subtraction in CLEAN. New effects in the PDF due to the chang-
ing physical interpretation of overlapping targets can be detected.
Compared to Fig. 11, a larger mean residual RCS is observed. This
behavior is expected, as incoherent subtraction of overlapping tar-
gets yields larger residual values than a subtraction in phase. The
exponential fit exhibits a reducedmatching, particularly at lowRCS
values, where the expected PDF peak is less pronounced. Both
datasets show similar histogram shapes and mainly deviate at the
exponential peak, which could be explained with improved and
more sensitive measurement methods and slightly different sensor
characteristics and antenna gains. The second dataset is therefore
used for further analysis.

Limitations of residual analysis

Effects of a limited minimum detectable RCS mentioned in
“Residual analysis after CLEAN” sectionwill be analyzed in the fol-
lowing. By applying the radar equation, aminimumdetectable RCS
and the available dynamic range of clutter can be estimated. The
clutter dynamics are limited by the RCS detection threshold and
the iteration stop of 0 dBsm. Although the environment is consid-
ered to be homogeneous, this influences its radar perception. The
clutter was separated into groups of smaller range patches which
feature a change of the minimum detectable RCS with rising range
of up to 3 dB. In addition, the angular field of view was limited
to 3 dB beamwidth of the combined TX/RX antenna of the sen-
sor. Thus, effects from range- and angle-dependent detectability
were reduced, while still a large number of samples is available.
The aggregated PDF of measured RCS across time snapshots can
be calculated. Depending on range, a different amount of samples
is available affecting the PDF. Especially at short ranges, clutter
exhibits a larger dynamic range and a high number of measured
samples. Figure 13 shows the corresponding PDFs with exponen-
tial fits, whose parameters were estimated by fitting the exponential
function via nonlinear least-squares using the “fit” function of
MATLAB (“Trust-Region” algorithm) with the initial value set to
the samples mean. However, a matching of the fitted curve to the
Swerling I model does not guarantee an exponential nature of the
PDF, the deviation from the histogram can be observed. With ris-
ing range cells, migration of the PDF maximum is visible. This
can be explained by the rising minimum detectable RCS imposed
by the sensor noise floor rather than by the physical environ-
ment. Accordingly, the agreement with a Swerling I model evolves

Figure 13. Histograms of multiple range patches.

from an overemphasized peak at short ranges to a good match at
intermediate ranges and degrades clearly again at larger ranges.
Interpolated samples are further expected to distort especially the
PDF peaks. In addition, larger ranges also show fewer clutter
detections; thus, fewer samples and are less suitable for statisti-
cal analysis. As example, the first PDF consists of 39,704 samples
and features a dynamic range from 0 dBsm down to −24.55 dBsm
for 6–7.15m, the last PDF consists of 31,133 samples down to
−5.74 dBsm for 14.88–17.7m. In theory, Swerling I describes the
fluctuation of a single target at a single range bin. But as scattering
centers keep moving, even the analysis of a single range bin con-
tains echoes frommultiplemigrating targets. For the analysis of the
scenario clutter, it therefore makes no difference if adjacent range
bins are pooled and thus form a global PDF of multiple equally
scattering centers. But in addition, a sufficient and ideally equal
dynamic range for clutter samples should be ensured for a statis-
tical analysis. Thus, while the exponential behavior can resemble
a Swerling I fluctuation model, the resulting PDF is shaped by
the detection capability of the sensor rather than representing the
properties of the of the environment alone. If the full scene over
all ranges is pooled as a global PDF, the limited sample amount at
larger distances contributes less to the statistics.

The findings show that sensor characteristics limit the percep-
tion of a cluttered scenario. Applying an exponential fluctuating
model as Swerling I to resemble clutter appears to be a reason-
able global model to emulate a more realistic clutter to target ratio.
The sensor characteristics will shape the received clutter values for
larger ranges by not displaying low exponential fluctuating values.
However, the analysis also shows that sensor characteristics need
to be considered while formulating clutter models to be used for
emulation. It is recommended to consider this by analyzing smaller
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range patches with reduced angular coverage of similar antenna
gain for local fluctuation models.

Conclusion

In this paper, a method for processing and preparing radar data for
target simulators was proposed. By applying a PSF to each peak in
the processed data, target lists were created as playback to form a
digital twin.The quality of the digital twin depends on the process-
ing of the field data. The accuracy of the digital twin is expected
to improve by processing 2D RD maps and considering multiple
AoA per detection in a range cell. Applying this, targets can be
filtered at the same range with different Doppler shifts. With this
approach, a traffic scene can be analyzed as targets lists of multi-
ple snapshots are available and statistics of reported ranges, RCS,
Doppler shifts, and AoA can be utilized. CLEAN can iterate to a
threshold in RCS, while the lower boundary can be analyzed with
a statistical approach. For the creation of a digital twin, the RTS
hardware will be limited in the amount of point reflections and
therefore fluctuating small reflections need to be emulated with a
statistical approach. The data of low RCS fluctuations of the envi-
ronment of the parking garage were compared with the Swerling
I RCS target model. With extended analysis, sensor effects were
shown and discussed regarding their influence on the clutter statis-
tics. Local patches of fluctuating RCS were analyzed, and relevant
factors as a changing detectable RCS and a limited dynamic range
of clutter were discussed. As future steps, advanced CLEAN-based
algorithms can be investigated, given that the original algorithm
was introduced in 1974 and several method improvements have
been proposed since then. Furthermore, more data from different
traffic scenes can be collected and characteristic clutter models can
be established. Additional work is required to further isolate clutter
statistics from sensor and processing characteristics.The influence
of the sensor position on the clutter statistics can be analyzed. In
addition, the injection of a statistic approach into RTS hardware
can be further investigated to enable the emulation of fluctuation
loss with a clutter model.
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