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Abstract
This work introduces a novel detector, bounded false-alarm rate (BFAR), for distinguishing true detections from noise in
radar data, leading to improved accuracy in radar odometry estimation. Scanning frequency-modulated continuous wave
(FMCW) radars can serve as valuable tools for localization and mapping under low visibility conditions. However, they
tend to yield a higher level of noise in comparison to the more commonly employed lidars, thereby introducing additional
challenges to the detection process. We propose a new radar target detector called BFAR which uses an affine transformation
of the estimated noise level compared to the classical constant false-alarm rate (CFAR) detector. This transformation employs
learned parameters that minimize the error in odometry estimation. Conceptually, BFAR can be viewed as an optimized
blend of CFAR and fixed-level thresholding designed to minimize odometry estimation error. The strength of this approach
lies in its simplicity. Only a single parameter needs to be learned from a training dataset when the affine transformation
scale parameter is maintained. Compared to ad-hoc detectors, BFAR has the advantage of a specified upper-bound for the
false-alarm probability, and better noise handling than CFAR. Repeatability tests show that BFAR yields highly repeatable
detections with minimal redundancy. We have conducted simulations to compare the detection and false-alarm probabilities
of BFAR with those of three baselines in non-homogeneous noise and varying target sizes. The results show that BFAR
outperforms the other detectors. Moreover, We apply BFAR to the use case of radar odometry, and adapt a recent odometry
pipeline, replacing its original conservative filtering with BFAR. In this way, we reduce the translation/rotation odometry
errors/100m from 1.3%/0.4◦ to 1.12%/0.38◦, and from 1.62%/0.57◦ to 1.21%/0.32◦, improving translation error by 14.2%
and 25% on Oxford and Mulran public data sets, respectively.

Keywords Radar · CFAR · Odometry · FMCW

1 Introduction

There is a great need for enabling mobile robots and self-
driving cars to robustly operate in all seasons, weather,
and visibility conditions. In contrast to cameras and lidars,
FMCW radars are not affected by smoke, dust, rain or
fog, and can detect obstacles regardless of visibility set-
tings. Recently, radars, and especially spinning FMCW
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radars, have become compact, accurate and gained pop-
ularity and demonstrated more resilient localisation and
mapping (Adolfsson et al., 2021, 2023; Hong et al., 2020).
This makes them suitable for applications in harsh environ-
ments; e.g., underground mines (Brooker et al., 2007) and
fire fighting (Mielle et al., 2019) tasks. Unfortunately, radars
suffer from variable noise, multi-path and clutter reflections,
ghost targets, and speckle noise which make target detection
a challenging task (Zhou et al., 2022). Also, different applica-
tions require specialized detectors, for example, the problem
of detecting moving targets in the sky using stationary radar
is different from the problem of detecting stationary targets
like buildings and trees in an urban area using the same sensor
mounted over a moving vehicle.

In detection theory, CFAR, a family of adaptive threshold
detectors for detecting targets in homogeneous noise, is usu-
ally suggested for a specifiedprobability of false-alarm (PFA).
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Fig. 1 The proposed radar detector, BFAR, offers superior detection
quality compared to existing detectors and enhances radar odometry
pipelines. It produces less noise than the k strongest (k=12) method
used in Adolfsson et al. (2021). The plots were generated using Oxford
RobotCar data

Sadly, CFAR is not directly suitable for radar odometry esti-
mation since we have complex background noise for radars
that operate on ground level (Venon et al., 2022). Existing
detectors for radar signals in odometry estimation applica-
tions either using ad-hoc detectors where most of them lack
a clear interpretation of PFA or over-simplify the detection
process through proposing a fixed-level threshold that is suf-
ficiently high to overcome the noise heterogeneity, which is
easy to implement, but requires the knowledge of actual noise
level to set the PFA. A workaround is to use offline learning
of the threshold level using manual optimization.

In this paper, we present a novel target detector, bounded
false-alarm rate (BFAR), that improves on existing radar
filtering techniques in order to detect only useful and highly-
reflective radar features by ignoring the ones with low power,
even if they passed the adaptive threshold since they might
be the result of speckle noise (see Fig. 1). It performs well
with heterogeneous noise and features easy-to-tune parame-
ters that are clearly related to PFA. Conceptually, BFAR can
be viewed as an optimized combination of CFAR and fixed-
level thresholding designed tominimize odometry estimation
error. The strength of this approach lies in its simplicity.
We demonstrate the proposed BFAR filter on the previously
existing pipeline for radar odometry, conservative filtering
for efficient and accurate radar odometry (CFEAR) (Adolf-
sson et al., 2021), and show that by including BFAR we
can decrease translation errors/100m from 1.3%/0.4◦ to
1.12%/0.38◦ on Oxford data sets and from 1.62%/0.57◦ to
1.21%/0.32◦ on Mulran data set (an improvement of 14.2%
and 25% respectively). To facilitate the replication of our
training process and experimental results, we have made
our code and datasets publicly available on GitHub (https://
github.com/Anas-Alhashimi/CFEAR-BFAR).

The paper is organized as follows. Section 2 reviews
related work. Section 3 outlines the problem formulation,
provides details on the BFAR algorithm, explains the param-
eter learning procedure, Sect. 4 describes the evaluation
procedure and the detection quality evaluation. Section 5
evaluates the detection performance in simulations and its
application to radar odometry with real data. Finally, Sect. 6
presents the conclusions.

2 Related work

2.1 Radar-only odometry estimation

Previous methods for radar odometry overcome radar noise
by learning to extract key points (Burnett et al., 2021; Barnes
& Posner, 2020), remove noise (Aldera et al., 2019a, b;
Barnes et al., 2020c; Burnett et al., 2021; Weston et al.,
2022), leveraging motion constraints (Aldera et al., 2022),
or by applying learning-free approaches that analyse inten-
sity of radar measurements (Adolfsson et al., 2021; Cen &
Newman, 2018, 2019; Hong et al., 2020; Kung et al., 2021;
Park et al., 2020). Learning-free approaches for odometry
were investigated by Hong et al. (2020), who extracted and
matched SURF features; and Park et al. (2020), who pro-
posed a method for dense matching of raw radar images. A
similar dense matching technique was proposed by Barnes
et al. (2020c), which additionally uses self-supervision from
ground truth poses for learning to mask out noise. Unfortu-
nately, the odometry quality is reduced when operating in
environments that were not in the training set, despite using
a large amount of training data. Kung et al. (2021) applied a
fixed intensity threshold to discard weak, potentially spuri-
ous reflections. A more refined, though still ad-hoc, method,
was successfully used by Adolfsson et al. (2021), which
additionally bounds the number of returned reflections to
improve efficiency. Cen and Newman (2018, 2019) inves-
tigated approaches for extracting features by analysing the
intensity and gradients of the image.

As mentioned earlier, current detectors for radar signals
in odometry estimation applications often rely on ad-hoc
methods that do not provide a clear understanding of PFA.
Alternatively, other detectors tend to oversimplify the detec-
tion process by using a fixed-level threshold that is high
enough to handle noise variability. This approach is easy to
implement but requires knowledge of the actual noise level
to set the PFA. Our proposed detector addresses these issues.
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2.2 Fixed-level detector

Some authors have used a simple fixed-level threshold
instead of an adaptive method like CFAR (Hong et al., 2020;
Kung et al., 2021; Mielle et al., 2019), however, select-
ing a suitable threshold value is not trivial. For example,
Hong et al. (2020) extracted only peaks that are greater than
a standard deviation of mean intensity per azimuth. Kung
et al. (2021) suggests keeping all points exceeding a noise
threshold, which needs to be learned offline. Adolfsson et al.
(2021) showed that this can have a negative impact on effi-
ciency andmay have a negative impact onmap quality. Other
researchers suggested conservative filtering (Adolfsson et al.,
2021; Marck et al., 2013). The most restricted one, used
by Marck et al. (2013), keeps only the strongest reflection
per azimuth, which will neglect a lot of potentially important
information and good possible landmarks. Adolfsson et al. in
CFEAR relaxed this condition, to instead keep the k strongest
returns per azimuth, using values of k = 6 ∼ 12 (Adolfs-
son et al., 2021). They presented good results in terms of
translation and rotation errors on the Oxford public Robot-
Car dataset (Maddern et al., 2017). For this reason, and also
to make the results directly comparable, we will use the same
odometry estimation pipeline presented by Adolfsson et al.
(2021, 2023) but replacing the k-strongest filter with our pro-
posed detector, as well as with a fixed-level detector and a
cell-averaging CFAR (CA-CFAR) detector for comparison
purposes.

2.3 CFAR detector

The principle of CFAR was first described in 1968 by Finn
(1968). They presented what is now known as CA-CFAR.
Since then, CFAR has been extensively studied in the litera-
ture and many variants, more than 25Machado-Fernández et
al. (2017) have beenproposed.Themain idea behindCFAR is
to estimate the background noise level for a certain sample (or
cell) usually called called cell under test (CUT) in the middle
of a sliding window, using statistics on neighboring samples
inside the window (see Fig. 2). Then the detection thresh-
old for that CUT is obtained after multiplying the estimated
noise level by a constant calculated using a specified PFA.
After that, the window is slid by one sample, and the same
procedure is applied to determine the threshold of the sample
CUT+1, and so on until the end of the buffer is reached. This
will give the advantage of an adaptive threshold that changes
with background noise on the condition that all neighboring
samples used in estimation are only generated fromnoise (i.e.
containing no targets) which is hard to know before detec-
tion. Many variants of CFAR have been proposed to solve
this problem. BFAR, however, is designed to tackle the prob-
lem of possible detections from noise due to complex noise
structure, so it can be combined with most CFAR variants.

Fig. 2 Themain idea behindCFAR is to estimate the noise atCUTusing
neighboring cells in a sliding window and use this estimated value to
determine the threshold

Fig. 3 Graphical representation of the PFA and PD , the shaded areas,
for a single sample Xi . The black density is the PDF of Xi when there
is only noise, while the gray density is the PDF of Xi when there is a
target

We are not going to describe here existing CFAR variants but
will focus on the main idea behind CA-CFAR and refer the
interested readers to Machado-Fernández et al. (2017).

3 Methods

3.1 Problem formulation

The design of a detector is usually started by specifying the
PFA. The optimum detector is the one that maximizes the
Probability of Detection (PD) for a given PFA. (See Fig. 3 for
a graphical illustration). In a stationary noise environment,
a fixed-threshold detector can achieve the optimum detector
performance if the noise power is known. In practice, the
noise power is not known, therefore a statistical estimator
is used to estimate its value. Additionally, the noise is usu-
ally mixed with clutter (reflections from objects other than
the target: buildings, trees, ground surface, etc; i.e., targets
that are not in the exact direction that we currently consider)
and therefore is nonstationary. For both reasons, the fixed-
threshold is replaced by an adaptive detector, usually a CFAR
variant, to have a controlled false-alarm rate (FAR).

In this paper, we present a new detection algorithm that
is based on a different strategy than CFAR. It can handle
the variable noise floor in a better way than the standard
CFAR and does so by selecting a threshold from an affine
transformation of the estimated noise level. In this setup,
PFA will depend on the unknown noise power, which might
seem to be undesirable. However, its value will be controlled
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Fig. 4 The structure of BFAR detector. It is at a glance similar to CFAR
but fundamentally different as it applies linear transformation on the
estimated noise level. Notice that, in this manuscript, we always use
four guard-samples, two on each side of XCUT which are not shown in
this figure to perceive the simplicity

in such a way that PFA will decrease as the noise power is
decreased, and increase with increased noise, but will not
exceed a specified upper bound. Most importantly, this con-
trol is done automatically, as will be shown in Sect. 3 when
deriving the PFA equation.

In order to clarify the structure of BFAR, consider Fig. 4.
We have two parameters a, b ∈ R. The shaded area is
common between classical CFAR and the proposed BFAR.
Setting the parameter b = 0 will make the detector behave as
CFAR. We assume the square-law device output is Xk ∈ R,
where k is an integer that represents the radar range-cell
index. For clarity, a square-law device produces an output
proportional to the square of its input signal. We are inter-
ested in finding the detection threshold T for XCUT given
N samples before it and another N samples after it. Usu-
ally, there are one or more guard-cells after and before the N
samples close to XCUT (removed from Fig. 4 for clarity). The
CFAR detector estimates the expected level of background
noise at XCUT from the 2N neighboring cells. For example,
the noise level estimator in CA-CFAR is a simple sum and
the noise level is calculated by averaging the 2N samples,
which gives Z̄ = Z

2N . The comparator output will register
a target when the level of XCUT exceeds the threshold T ,
where T = aZ . The parameter a is calculated according to
the required PFA and N .

The threshold in BFAR for XCUT is then

T = a × Z + b. (1)

The affine transformation will not give a constant FAR but
will give FAR that is bounded from above—hence the name
BFAR (see plots in Fig. 5). Learning the best values for the

parameters can be done using grid search on a training dataset
(as demonstrated in Sect. 3.3). We assume here the values of
a and b are fixed during the estimation process. Notice that
in Fig. 4 the noise level estimator block is generic, therefore
it is possible to apply the BFAR structure to most CFAR
variants by plugging in the corresponding noise estimation
block without further modifications.

In Sect. 5.2 we show quantitative results on the Oxford
Radar RobotCar dataset and demonstrate that CFEAR radar
odometry [specifically, the computationally efficient variant
in Adolfsson et al. (2021)] with BFAR detection instead of
k-strongest can reduce the odometry error by 12%.

3.2 BFARmathematical derivation

In this section, we will give the derivation of PFA for our
proposed BFAR detector. We will assume the cell-averaging
noise estimation in Fig. 4 for simplicity and comparison pur-
poses with CA-CFAR.

1. Assuming independent and Gaussian noise, then the out-
put of the square-law device Xi will be exponentially
distributed and independent, with PDF

f (Xi ) = 1

2λ
exp

(−Xi

2λ

)
, x ≥ 0 (2)

and

λ =
{

μ, under H0

(S + μ), under H1
(3)

where

• H0 is the null hypothesis of no target, so Xi contains
only noise,

• H1 is the alternative hypothesis of the presence of a
target,

• μ is the total background clutter-plus-thermal noise
power, its value is not fixed and is changing from cell-
to-cell according to an unknown but continuous and
smooth function (no fast changes are expected),

• S is the average signal power of a target and signal-
to-noise ratio (SNR) := S/μ.

2. The detector performance is determined by the average
detection and false alarm probabilities. Following the
same procedure in Gandhi and Kassam (1988), the PFA is
(see also Fig. 3)

PFA = E [p (XCUT > aZ + b |H0 ) | Z ] (4)

123



Autonomous Robots (2024) 48 :29 Page 5 of 16 29

PFA = E

[∫ ∞

aZ+b

1

2μ
exp

(−y

2μ

)
dy

]
(5)

= E

[
exp

(
−aZ + b

2μ

)]
(6)

= E

[
exp

(
−aZ

2μ

)]
E

[
exp

(−b

2μ

)]
(7)

= MZ

(
a

2μ

)
exp

(−b

2μ

)
(8)

where MZ (·) denotes the moment generating function
(MGF) of the random variable Z .

3. For a cell-averaging processor operating on 2N samples,1

the random variable Z will be

Z :=
2N∑
i=1

Xi (9)

where Xi are the samples of the neighboring cells.
From Gandhi and Kassam (1988), the distribution of Z
will be

Z ∼ � (2N , 2μ) , (10)

and the corresponding MGF is

My(u) = (1 + 2μu)−2N .

Substituting this in Eq. (8) above, we obtain

PFA = (1 + a)−2N exp

(−b

2μ

)
. (11)

Setting the parameter b = 0, Eq. (11) will be reduced to

PFA = (1 + a)−2N for b = 0 (12)

which is exactly the PFA equation for CA-CFAR, [the
expression and derivation in Gandhi and Kassam (1988)].
Setting a = 0 will give

PFA = exp

(−b

2μ

)
for a = 0 (13)

which is the PFA for a fixed-level detector. So BFAR
with cell-averaging can be seen as a generalization for
the classical CA-CFAR detector. The smaller values of μ

compared to b correspond to a smaller exponential term
in (11) which makes the value of PFA even smaller. On

1 Hereweare considering theCA-CFARfor simplicity only. Please note
that any other processors like Ordered Statistics CFAR (OS-CFAR),
Trimmed Mean CFAR (TM-CFAR), etc. can be used in the same way.

the other hand, large values of μ compared to b make the
exponential term closer to one and the PFA simplifies to

PFA � PFAub := (1 + a)−2N (14)

which is the false-alarm upperbound (PFAub). Then we
rewrite (11) as

PFA = PFAub exp

(−b

2μ

)
. (15)

When the parameter a = 0, both PFA and PD will be
directly related to the background noise level μ.

4. In a similar way, we derive an expression for PD:

PD = E [p (XCUT > aZ + b |H1 ) | Z ]

=
(
1 + a

S/μ + 1

)−2N

exp

( −b

2 (S + μ)

)
. (16)

The first term corresponds to PD of a CA-CFAR detector,
while the last term corresponds to PD of a fixed-level
detector. The exponential term in (16) will indeed reduce
PD compared to CA-CFAR. We plot Eqs. (15) and (16)
in Fig. 5 with several values of the parameter b to clarify
this relation. The PFA is increased with increased noise,
but will not exceed the bounds. The equations suggest that
the PD depends on both signal and noise power. For that
reason, we have two graphs, onewith S fixed and onewith
μ fixed. The value of PD in BFAR decreases compared
to that of CA-CFAR as the parameter b increases.

3.3 Parameter learning

It is clear from (11) that we need to tune the two parameters a
andb for the detector,which is not straightforward, especially
because the value of μ is not known. Therefore, we propose
the following procedure to learn them from a preset number
of samples N and PFAub:

• First, with a specified value of N and a given PFAub,
the parameter a can be computed using Eq. (14). This
involves substituting the known values into the equation
and solving for a, ensuring that the false alarm bound
will not be exceeded.

• Second, the parameter b can be determined through a
data-driven approach. Specifically, b can be learned from
a dataset that is relevant to the specific use case. In the
context of this paper, which focuses on radar odometry,
we utilize a training dataset that includes ground-truth
pose information obtained from GNSS (Global Navi-
gation Satellite System). To accurately estimate b, we
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Fig. 5 The BFAR detection and false-alarm probabilities versus SNR.
The upper plot shows the relations of the probabilities PD (16), in the
solid lines, and PFA (15), in the dashed lines, againstμ for fixed S = 15,
with PFAub = 0.2 and a = 1. The lower plot shows how PD changes
with signal power S for a fixed noise value μ = 5. Notice that PFA here
is always fixed and independent on S according to (15). Recall that for
b = 0 the detector is CA-CFAR which maintains a constant probability
of false alarms, while BFAR has a lower PFA as the SNR increases at
the cost of a lower PD . The blue curve is identical in both, since for
b = 0 it will be CA-CFAR where PD depends only on signal-to-noise
power ratio

employ a grid search method, which involves system-
atically searching through a predefined set of potential
values for b and selecting the one that optimizes odome-
try performance based on the training data (see Fig. 13).

Finally,we use the obtained parameter values in our detection
algorithm for radar data.

4 Evaluationmethods

4.1 Odometry estimation evaluation

To evaluate and examine the performance of BFAR, we
include it in the recent radar odometry pipeline CFEAR (the
version presented in Adolfsson et al. (2021)) as depicted in
Fig. 6. CFEAR is an efficient and accurate pipeline for incre-
mental pose estimation that operates on 360◦ spinning radar
data, producing state-of-the-art accuracy in odometry drift.
It extracts features in a two-step approach that first applies
a conservative filter in polar space, keeping the k strongest
returns for each azimuth angle, and then computes a sparse
set of oriented surface points in Cartesian space. The sparse
set of surface points is registered jointly to a history of key

Fig. 6 Overview of CFEAR radar odometry, used for evaluating BFAR
radar detection. In the previously published version of CFEAR (Adolf-
sson et al., 2021), the radar detection block uses a k-strongest detector.
We replace this block with BFAR and show how it leads to a new state-
of-the-art in radar odometry

frames in order to estimate the pose and velocity of the radar.
The estimated velocity is used to perform motion compen-
sation. In the original publication (Adolfsson et al., 2021),
CFEAR radar odometry was optimized to be fast and effi-
cient, using a conservative k-strongest filter (with k = 12
detections per azimuth) that typically removes secondary
landmarks combined with a fixed-threshold to prevent detec-
tions from noise when only few targets exist. Other values of
k have been evaluated in the recent publication (Adolfsson
et al., 2022). For that reason, the conservative filter can be
replaced with our proposed filter, which produces improved
detections compared to the conservative filter, and can addi-
tionally aid odometry estimation as demonstrated in Sect. 5.

4.2 Detection quality evaluation

In addition to using odometry accuracy as ameasure of detec-
tion performance (assuming that a good detector produces
stable landmarks that are suitable for odometry),we have also
evaluated detection quality by measuring detection stabil-
ity and repeatability. Those measures, which originate from
computer vision, have previously been used to analyse the
detection quality in lidars (Kallasi & Rizzini, 2016; Nielsen
& Hendeby, 2023; Usman et al., 2019).

4.2.1 Global detector stability test

The uncertainty of a detected target is inversely related to its
reflected power. Hence, the average power of detections is a
measure of global detector stability.
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Detector repeatability

Detector repeatability is the standard procedure in image pro-
cessing to assess key-point feature detector performance (Tuyte-
laars & Mikolajczyk, 2008). Assuming correct associations
(geometric only), the repeatability is defined as the ratio of
commonly detected targets in reference and source images
over the smaller of the two target sets (Boroson & Ayanian,
2019). Assume |κi | and |κi+1| are the number of detections
in the reference and source images, then the relative repeata-
bilityR is

Ri := |κi ∩ κi+1|
min(|κi |, |κi+1|) (17)

where the operation A ∩ B stands for common detections
between the two images A and B. In case we have k images,
the average repeatable detections will be

D := 1

k − 1

k−1∑
i=1

|κi ∩ κi+1| (18)

and the average relative repeatability will be

R := 1

k − 1

k−1∑
i=1

Ri (19)

Bias in repeatability rate

This repeatability measure (19) is biased toward detectors
that return more detections from the same target (redundant
detections). This was studied and explained with lidar sen-
sors in Rey-Otero et al. (2015) and Rey-Otero and Delbracio
(2015). As an example, suppose we have 2 detections: one
from a target and another from noise. This gives a repeata-
bility rate of 0.5. Another detector may return 9 detections
from the same target and one from noise, yielding a higher
repeatability rate of 0.9. However, it is important to note that
the superiority of this detector is not guaranteed, as the detec-
tions it generatesmay be redundant, all pertaining to the same
target. In fact, if we take into account memory and process-
ing power constraints, it could potentially yieldworse results.
Therefore, our deduction leads us to the best detector being
the one that yields a higher number of stable and repeatable
detections while avoiding redundancy.

In order to accurately compare the performance of differ-
ent detectors, wemust first identify the optimal parameter set
for each detector type. This will ensure that all detectors are
evaluated under fair conditions, taking into account the diffi-
culty of parameter tuning or learning, if necessary. Once the
optimal parameter set has been identified, we can then com-

pare the performance of the different detectors given their
optimized parameters.

Given the abovemeasures and the various detectorswe are
considering here (fixed-threshold, k-strongest, CFAR, and
BFAR), we are expecting fixed-threshold detectors to have
higher repeatability compared to adaptive threshold ones
due to redundancy. Also, the k-strongest is expected to have
higher global detector stability since it is designed to choose
the strongest returns and is also expected to have the lowest
detection from noise compared to others. BFAR is expected
to have less redundant detections due to its adaptive nature
and also to have fewer detections from noise, compared to
CA-CFAR, due to the added offset level.

5 Simulations and experimental validation

5.1 Detection performance, in simulation

Since the available datasets that use scanning FMCW
radar in a robotics context (Barnes et al., 2020a; Kim et
al., 2020) do not include detection ground-truth (i.e., labels
of which radar points correspond to true targets vs. noise),
we carried out extensive simulations to evaluate BFAR
performance with both homogeneous and heterogeneous
background noise. Those simulations do not cover all the arti-
facts that exist in FMCW radar signal, which is complex and
not easy to simulate (Weston et al., 2021), but actually focus
on noise heterogeneity and variable targetwidth.We simulate
homogeneous background noise using λ = μ as described
in (3). For heterogeneous backgroundnoise,wemodel it as an
exponentially distributed random variable where its param-
eter, λ in (2) is a scaled discrete uniform random variable,
takes 5 discrete values betweenμ and 10μ. We used an expo-
nentially distributed random variable also to simulate targets,
but with fixed parameter λ = S + μ (Swerling I model). In
all simulations, unless specified otherwise in the caption, the
targetwidth occupies a random range of 1 to 20 cells.We sim-
ulate a radar beam of 10,000 samples containing 100 targets
randomly displaced with uniform distribution. Each point on
the following simulation plots is obtained by averaging the
results of 100 beams.

We plotted simulation results for operational PFA and PD

in Fig. 7, for homogeneous and heterogeneous noise respec-
tively, with the same values of b in Fig. 5 to compare easily.
We calculated the optimum threshold using the true value of
noise parameter at each cell and the desired PFA of 0.2.

The top plot in Fig. 7a looks quite similar to Fig. 5, while
the bottom plot shows reduced PD due to the variable tar-
get width. Notice there is a small decrement in PFA with
increased signal power. This reduction is due to the presence
of high power target in the estimationwindow as discussed in
Sect. 2.3, since the increased target power results in increased
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Fig. 7 Simulation results for operational false alarm and detection
probabilities are presented for cases with variable target width: a homo-
geneous noise, and b heterogeneous noise. The gray lines correspond
to the optimum detector at PFA = 0.2

average and then increased threshold which in turn reduces
the PFA. In the heterogeneous noise case (Fig. 7b), the PD is
reduced for both plots.

We conclude from those plots that the PD is reduced in
general with the increased value of parameter b and the PFA is
always equal or smaller than the specified bound as expected
from (15).

We also used simulations to compare the performance of
BFAR (with b = 20) under heterogeneous noise and vari-
able target width against other detectors; k-strongest with

Fig. 8 Simulation results for comparing operational false alarm PFA
and detection probabilities PD of BFAR with other detectors affected
by heterogeneous noise and variable target width

Fig. 9 Simulation results for comparing operational false alarm and
detection probabilities of BFAR with other detectors affected by het-
erogeneous noise and one sample target width

k = 50 (Adolfsson et al., 2021), fixed-level of mean plus
standard deviation (Hong et al., 2020), only the strongest
target (Marck et al., 2013), and the optimum detector. The
results obtained are presented in Fig. 8 for variable target
width and Fig. 9 for one sample target width. We conclude
from those figures that BFAR outperforms other detectors in
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Fig. 10 This figure illustrates an example of the enhanced detection
capability of the proposed method compared to other detectors. The top
image displays the original polar image, while the subsequent images
show the detection results from the fixed-level detector, BFAR, and
CA-CFAR, respectively

PD and also that variable target width greatly reduces the
detection performance.

5.2 Application to radar odometry, with real data

We investigated the performance of the proposed detection
algorithm in odometry estimation using the Oxford Radar
RobotCar dataset (Barnes et al., 2020a;Maddern et al., 2017)
since it is a relevant use case where there is a lot of recent
interest and to facilitate the evaluation on a large data set.
Figure 10 showcases an example of the original polar radar
image alongside three different filtered images. The BFAR
method successfully removes ghost targets (the horizontal

Fig. 11 The constructed radar map during one of the simulations on
Mulran dataset, sequence DCC03

Fig. 12 The estimated trajectory during one of the simulations onMul-
ran dataset, sequence DCC03

white line seen in the fixed-level image) and reduces the num-
ber of noisy detections (the small scattered dots evident in the
last image). As indicated above, no ground truth labels for
real landmarks/noise are available. However, ground-truth
poses are provided, enabling evaluation on odometry qual-
ity. The data set contains both raw radar data and ground-truth
information for odometry.

The evaluation is performed using the standard odometry
benchmark from KITTI (Geiger et al., 2012) to compute the
following performance metrics:
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Fig. 13 Translation error surface with PFAub and b for N = 20. Used
for parameter learning in the Oxford dataset

• Average sub-sequence translational and rotational errors,
by evaluating possible sub-sequences of length (100, 200,
. . ., 800)m.

• Absolute trajectory error (ATE): the root-mean-square
error (RMSE) between estimated poses and correspond-
ing ground truth.

5.3 Odometry estimation performance

To learn the offset parameter b, we select one sequence from
the dataset (14-50-05) for learning only. With N = 20
and parameter grid a = [0, 0.1, 0.25, 0.5, 1, 2, 3], b =
[5, 10, 15, 20, 30, 40, 50, 60], we record the odometry met-
rics to find the best value for the parameters. As stated above,
since N is fixed, the values of PFAub can be computed directly
from a to be [1, 0.9, 0.78, 0.61, 0.37, 0.14, 0.06]. The small-
est translation error, rotation error and ATE achieved during
this grid search corresponds to a = 0.5 or PFAub = 0.61 and
b = 45 in the training dataset. See grid plot in Fig. 13 and
error curves in Fig. 14.

We apply the learned and optimized parameters, a = 0.5
and b = 45, and insert BFAR in the CFEAR odometry
pipeline for evaluation on the remaining sequences of the
RobotCar dataset. Except for the detector, we used the same
parameters of CFEAR as in the original publication (Adolf-
sson et al., 2021).

The obtained odometry errors are presented in Table 1 and
compared to three recent radar odometry baselines, as well as
one baseline using lidar odometry for reference. To enhance
the generalization of parameter learning, we employed dis-
tinct environments for learning and testing. Specifically, we
used the parameters learned from the Oxford dataset to per-
form odometry estimation on the Mulran dataset (Kim et Ta
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Fig. 14 Estimation evaluation metrics versus threshold parameter b for
different detectors. BFAR performs better than k = 12 in general and
also better than fixed-level threshold when b < 50

Fig. 15 Estimation evaluation metrics of fixed-level detector against
threshold level (b when a = 0)

al., 2020), which was recorded in different geographical
locations and using different sensors. Table 2 presents the
odometry evaluation results, demonstrating that our algo-
rithm surpasses the latest state-of-the-art outcomes.

Compared to the state of the art,CFEARwithBFARdetec-
tion consistently has smaller errors over all the trajectories,
which indicates that the key-frames are consistent and fewer
false detections are provided.
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To provide readers with a clearer understanding of the
proposed method’s performance and capabilities, Fig. 12
displays the constructed radar map from DCC03 sequence
of Mulran dataset and Fig. 11 presents the corresponding
estimated trajectory. The Fig. also includes the estimated tra-
jectory using the k strongest filtering for easy comparison.

5.4 Odometry estimation performance compared to
fixed-level and CA-CFAR

In addition to comparing BFAR with the original k-strongest
detection module of the CFEAR odometry pipeline, we also
compute the odometry results of CFEAR using a fixed-level
and CA-CFAR detector. It was not possible to set the value of
PFA because we don’t know the actual noise level, so we per-
formed a grid search starting from 0 and reporting the useful
values of the threshold with corresponding estimation met-
rics as depicted in Fig. 15. Small threshold values result in
more false-detections and hence worse odometry estimation,
while large values result in fewer detected features, which
also degrade the estimation. The best performance indexes
were obtained with threshold-level around 55. This is equiv-
alent to BFAR in (1) with a = 0 and b = 55. Then we run
the odometry estimation pipeline with BFAR detector.

Figure 16 shows the plots of the different evaluation met-
rics vs PFAub with parameter b. Notice that in the case of
b = 0 (blue curves), the detector will be CA-CFAR and
PFAub is exactly equal to PFA values. Comparing BFAR with
CFAR, we can see that BFAR works well even with PFAub
close to one. Comparing this with the limited selection of
PFA in CA-CFAR, proves the flexibility in parameter selec-
tion and also the ability to automatically account for changes
in backgroundnoise level.Notice that, for PFAub = 1 (a = 0),
BFAR is equivalent to a fixed-level detector.

Even though a fixed-level detector may work well for
certain threshold levels, there is no information about the
operational PFA because of the unknown and possibly chang-
ing background noise (see (13)). So, unlike CA-CFAR, both
BFAR and fixed-level detectors can handle complex noise
given a learned parameter for tuning the threshold, but BFAR
has the advantage of limiting the upper bound for PFA. On
the other hand, CA-CFAR does not require parameter learn-
ing but suffers from bad performance with complex noise
and requires precise selection of PFA within a tightly limited
range to prevent the estimation pipeline from fail and hence
requires offline parameter tuning.

5.5 Repeatability tests

We also report the relative repeatability scores using the
same dataset and parameter values. We computed similar
detections by transforming the destination image using the
available ground-truth and compute for each detected point

Fig. 16 BFAR estimation evaluation metrics versus the PFAub. BFAR is
less sensitive to parameter tuning, and provides lower odometry error,
than CA-CFAR

Fig. 17 Average repeatable detections (top) and average relative
repeatability (bottom) vs. search radius r and with a threshold as
a parameter for the fixed-level detector. The number of repeatable
detections is increased with decreased threshold levels while relative
repeatability is approximately the same, which indicates redundant
detections

in the source the closest detected point in the destination that
lies inside a circle of radius r (closest in the sense of geo-
metrical distance). Figure 17 shows the average repeatable
detections and the average relative repeatability vs. the search
radius r for the fixed-level detector with different values of
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Fig. 18 Normalized relative repeatability vs. threshold level with
searching radius r (in cm) as parameter. The curves are normalized
to have max value of 1 for sake of visibility. There is an agreement
between estimation performance plots Fig. 15 and normalized repeata-
bility plots Fig. 18 to have the best scores at threshold levels slightly
greater than 50, independent on r

Fig. 19 Top: average repeatable detections per radar scan vs. search-
ing radius r . Bottom: average relative repeatability vs. r for different
detectors

the threshold b. (Recall that a = 0 here.) The results are
obtained by averaging over a full sequence from the Oxford
dataset. The number of repeatable detections is increased
with decreased threshold levels while relative repeatability
is approximately the same, which indicates redundant detec-
tions. Setting b = 55 always gives the highest repeatability
for a given r . Figure 18 shows this more clearly. Here we see
there is an agreement between estimation performance plots
(Fig. 15) and normalized repeatability plots (Fig. 18) to have
the best scores at threshold levels slightly greater than 50,
independent on r .

Figure 19 shows the repeatability plots vs. r for different
detectors and parameter selection on the same axis (BFAR-
1-30 means a = 1 and b = 30, CFAR-2 means a = 2

Fig. 20 Repeatability plots v.s. parameter b. The fixed-level detector
returns the highest repeatability curve while k = 12 returns the lowest
repeatability curve

and b = 0, and fixed-30 means a = 0 and b = 30 ). Clearly,
the BFAR scores closely approach, yet remain slightly below
the fixed-level scores. However, Sect. 5.4 demonstrates that it
excels in odometry estimation results. This may be attributed
to the greater number of redundant detections produced by
the fixed-level detector, as depicted earlier in Fig. 17. CFAR
reported the lowest scores, which is not surprising given
the low estimation scores obtained compared to others (see
Fig. 16). We select the value of r = 5 cm to produce Fig. 20.
Notice that, fixed-level, k-strongest, and BFAR all have a
similar approach to ignore targets below a certain minimum
level (the parameter b in Fig. 20) so it was possible to plot
the repeatability plots vs. that level. It is clear from the plots
that k-strongest has the lowest repeatability scores due to the
conservative nature of the filter, though it still has good esti-
mation scores. Comparing Fig. 20 with Fig. 14 we see that
BFAR repeatability is slightly increasing with increased val-
ues of b till values of b around 50, then it is decreasing slightly
afterward, while we have the estimation score for BFAR is
the best compared to fixed-level for values of b < 50. We
conclude that BFAR has better estimation errors compared to
other methods while maintaining good repeatability scores
compared to k-strongest. The fixed-level detector works well
but suffers from redundant detections and k-strongest has
good estimation errors and returns more stable detections
but suffers from low repeatability scores.
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6 Conclusion

This paper focuses on improving radar detection algorithms
(i.e., separating signal returns corresponding to actual surface
detections from noise), in particular for the use case of radar-
only odometry estimation. We have proposed a new detector
called BFAR and showed that, compared to CA-CFAR, its
parameters can be easily trained such that it keeps relevant
detections and removes radar noise.

In particular, we have demonstrated the usefulness of
BFAR by incorporating it in the CFEAR pipeline for radar
odometry, which stands among the lowest published odom-
etry errors in the Oxford Radar RobotCar dataset. Using the
classical CA-CFAR detector with CFEAR will not lead to
acceptable performance and the pipeline may fail. However,
it was possible to achieve even smaller estimation errors than
the original CFEAR when using our new BFAR detector
instead of the baseline k-strongest detector. It was possible
to reduce the estimation translation/rotation errors inCFEAR
from 1.76%/0.5◦/100m to 1.55%/0.46◦/100m.

Conceptually, BFAR can be seen as an optimized com-
bination between CA-CFAR and a fixed-level threshold to
minimize the odometry estimation error. The structure of
BFAR makes it possible to use many variants of CFAR to
add their advantages, not necessarily the classical CA-CFAR
that we used here for simplicity and proof of concept. Finally,
even though the BFAR detector has been proposed specifi-
cally for spinning radar odometry estimation, it is expected
to contribute in signal detection for other tasks and sensors
with similar noise issues.
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