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Abstract—The detection of small and dim targets under
low signal-to-noise ratio (SNR) circumstances is a commonly
encountered yet challenging endeavour in radar signal processing.
The standard approach to deal with undesirable background
conditions involves coherent processing and integration with sub-
sequent detection directly applied to the radar signals. However,
optical flow, a widespread visual tracking method, has rarely
been used in this context. In this paper, we address the issue
of radar target detection in low SNR scenarios by employing
optical flow on radar images. This work focuses on the divergence
of the optical flow vector field, utilising a novel approach of
coherently integrating consecutive flow fields calculated against
a homogeneous reference plane. The proposed methodology
allows for more robust target identification and thus a precise
initialisation of tracking systems. To validate and demonstrate the
benefits of the proposed approach, simulations are conducted and
discussed.

Index Terms—radar, target detection, optical flow, dim targets,
low signal-to-noise ratio, track-before-detect

I. INTRODUCTION

Across numerous applications, the detection and tracking
of targets form the core of every radar system and have been
explored for decades [1]. However, it still remains difficult
under particular circumstances. For example, in maritime sit-
uational awareness, challenges arise due to long ranges, small,
manoeuvrable targets, and unfavourable, noisy backscatter
from the surroundings. The small radar cross section (RCS)
of such targets together with a high background noise level
results in very low signal-to-noise ratios (SNRs) which makes
it difficult to detect a target’s presence.

Generally, there are two different types of detections
in radar signal processing and target tracking. The first
kind of detection is concerned with the extractions of
(point-) measurements from radar signals which are then to
be provided to a tracking method. This process is usually
part of the radar signal processing chain [2]. The second kind
is to make a detection decision whether a target is present
or not based on the input measurements [3]. Conventionally,
the extraction of measurements from a radar image (range-
azimuth/range-Doppler) is done employing a constant false
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alarm rate (CFAR) detector, and variations of it, which is con-
sidered state of the art [1]. Contrary to the traditional approach
of applying a threshold for the extraction of measurements, it
is also possible to use the entire raw sensor image as input to
make a decision about the presence or absence of a target. This
is commonly referred to as track-before-detect (TBD) which
is computationally more expensive, yet can potentially achieve
superior performance for low SNR targets [4].

In camera-based visual tracking, the usage of optical flow,
with its established methods such as the Lucas-Kanade, Horn-
Schunck, and Farneback algorithms, and numerous variations
is considered state of the art [5]. Unlike its use within the
computer vision community, optical flow methods for radar
signal processing have rarely been explored so far. There exist
approaches, commonly used in automotive applications such
as [6], [7], where radar and camera detection and tracking
are combined, but usually the fusion is done at a later stage
such that optical flow and its variations are solely applied to
the camera part whereas radar signal processing is carried
out separately. In meteorology, fore- and nowcasting have
been done by means of weather radar together with optical
flow analysis [8], [9]. In sonar tracking, for moderate SNRs,
segmentation, motion estimation, and subsequent tracking
based on optical flow has been done in [10]. In [11] visual
tracking methods based on optical flow have been used for
navigation in a maritime radar application. However, none of
these methods deal with noisy raw radar data. To the best of
the authors’ knowledge, optical flow has not been used for
radar-based target detection before. In general, the application
of optical flow to noisy images is conceptually counterintuitive
and comes with its limitations [12], [13].

In this work, however, we use a novel approach to deal with
the detection of weak radar targets hidden in noise. As opposed
to calculating the optical flow within consecutive frames,
we calculate the optical flow for every frame concerning
a homogeneous reference plane with unity intensity. This
enables finding target features that are defined by the targets’
point spread function (PSF) in the raw radar image even when
embedded in heavy noise. Conceptually, this can be viewed as
TBD as the final decision about a target presence is based on
non-thresholded raw radar images as input and the coherent
integration of the optical flow field.

The outline of the paper is as follows: Section II states the
problem formulation and the proposed method’s underlying



model. Section III details our proposed solution while in
Section IV its effectiveness is demonstrated and discussed
based on simulation results. Finally, the paper is concluded
in Section V together with some research prospects.

II. PROBLEM FORMULATION

We consider a scenario where a sensor (e.g., a maritime
radar), located at the centre of a coordinate frame, illuminates
our region of interest. The radar provides two-dimensional
position information which is typically obtained in polar
coordinates (range-azimuth). To retain linearity, assumptions
based on the radar resolution and polar to Cartesian trans-
formations can be used [14]. For simplicity, it is assumed
that the centre of each range-azimuth cell is converted to
Cartesian coordinates. The measurements at discrete time
k = 1,..., K are represented as an arraf of resolution cells
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. The value of each
cell (¢, j) within the measurements represents the magnitude of
the backscattered complex radar signal where ¢ = 1, ..., [ and
7 =1,...,J denote the number of cells in x- and y-direction,
respectively, with I and J being the number of cells in each

direction.

A. Target model

The measurement array zj; depends on the presence of
targets and their kinematic state. At time k, the kinematic
state of the m-th target, where m = 1,..., M, is represented
by its state vector x; = [z} @k yr Ux|T where xy, y) are
the Cartesian coordinates of the target position and 'y, ¥ are
the corresponding velocities. A target is assumed to transition
according to a constant velocity model [14] with the transition
density given by:
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with ¢ being the process noise variance and 7T being the
sampling period defined by the radar rotation rate.

B. Sensor model

The contribution of a target to the measurement image is
defined by the physical appearance and orientation, the RCS,
and the PSF. Within the sensor image, the energy of the target
signal can be spread across multiple surrounding measurement
cells. For simple point scatterers, the PSF h(x}) is merely
defined by the sensor and thus dependent on the resolution
as well as the reception and processing process. We assume a

Gaussian PSF, scaled such that the maximum value is unity,
which is given by:
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where o2 and 05 determine the spread in x- and y- direction
respectively. Thus, every measurement z,&“ )
as:

can be denoted
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where 7, indicates the assumption that at least one target
is present, and Ho indicates nuisance only. The signal part

s s defined as:
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with A} being the maximum amplitude of a target re-
turn, defined as the magnitude of a complex radar signal
A = | - 7K' | where T} represents the effective reflec-
tivity. The phase ¢} is assumed to be uniformly distributed
over the interval [0,27). The noise term w( in (4) is the
magnitude of circularly symmetric complex Gaussian noise
with zero mean and covariance o2 ie., w'? = |n{"7)|
and hence w; (i.7) ~ [Ne(ny, (03).0,02)| = Raylelgh(w,g’j);r]).
This term is assumed to represent all present noise caused
by both thermal noise and unwanted background reflections.
Assuming complex Gaussian noise, resulting in a Rayleigh
distributed noise envelope, is a commonly used assumption
for radar sensors [1]. In the case when no target is present,
the {zrobability density function (PDF) of the measurements

'/ at each time step k, is therefore given by the Rayleigh

distribution:
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With a non-fluctuating (Swerling 0) target present in Rayleigh
noise, the PDF for the measured amplitude in each cell
changes to a Rician distribution:
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where 7, is the modified Bessel function of order O [15], [16].
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C. Detection

In order to detect a target, the Neyman-Pearson lemma [17]
asserts that the test achieving the maximum probability of
detection Pp subject to a maximum probability of false alarm
Pr 4 is the likelihood ratio test:

L=y )
Po #H,
where L indicates the likelihood ratio and ¢ is the threshold
to be determined.

In practical applications, both py and p; are usually not
readily available. Even when assuming certain distributions the
underlying parameters are unknown and may be time-varying.
The parameters must therefore be estimated. A CFAR detector



estimates the background noise in each cell as a function of
a specified number of N surrounded auxiliary cells, which
can be further used to set the threshold accordingly. The
background power 7 is estimated by the maximum likelihood
estimator (MLE) 1 = 25:1 %z” As the MLE is random the
CFAR detector applies a factor « to account for the uncertainty
of 7. For Rayleigh background noise, this factor is given by:

a= /N (PrF-1), ©)

where N is the number of auxiliary cells and Pgp4 is the
desired probability of false alarm. Since the noise power is the
maximum likelihood estimate, the threshold obtained from the
generalised likelihood ratio test is given by:

t=/N (PrF - 1)

This detector is commonly known as the cell-averaging
CFAR (CA-CFAR) detector and it is the detector we use in
the remainder of this paper when referring to a CFAR detector

[1].

(10)

III. DETECTION BASED ON OPTICAL FLOW

In this section, we are going to introduce our novel detection
method for radar target detection based on optical flow.

Optical flow is a fundamental tool in computer vision for
analysing motion within image sequences. The basic idea is
to formulate a velocity describing how the intensity of every
pixel changes from one timestep to the next. Though this is
generally not solvable [12], various algorithms exist based on
different assumptions. The Horn-Schunck method formulates
optical flow estimation as a variational problem [18]. Define
the intensity at a certain point z, y within the image plane at
time ¢ as I(z,y,t). Assuming both brightness constancy and
spatial smoothness, the method aims to minimise the energy
functional that represents the error in the brightness constancy
and smoothness constraints. The energy functional is given by:

E= // (Lpu+ Iyv + I,)* + a? (|Vul? + |Vo|?) dxdy ,
1D

where u, v represent the horizontal and vertical components
of the optical flow vector field, and I, = g—i, I, = %, and
I = % denote the spatiotemporal derivatives of the image
intensity / with respect to the image coordinates x, y, and time
t, respectively. Furthermore, the spatial gradients are denoted
by V, and « is the regularisation parameter of the smoothness
constraint [18].

The resulting system of partial differential equations is
solved iteratively for a pixel ¢,j of a frame at a discrete time

step k to obtain the optical flow [19]:
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where p explicitly denotes the iterations. In (12) and (13), I,
1;, and I}, are estimates for the partial brightness derivatives
whereas 4, v are local averages of the flow which are given
in [18], [19].

The term I; in the optical flow equation represents the
estimate of the temporal gradient of the image intensity. It
quantifies how the pixel intensities change over time between
consecutive frames in a discrete image sequence. The defini-
tion of I for a certain pixel is given as:

A. Optical flow with a constant reference

Typically, optical flow methods are applied to a set of
images to determine the optical flow along the given sequence
by quantifying the motion of the pixels between two con-
secutive image frames. In the case of radar images in low
SNR scenarios, the image data, this paper is concerned with,
consists to a large extent of noise. Thus, optical flow methods
fail to track any motion of brightness patterns [13], [20].

Therefore, in this paper, we use the novel approach to
calculate the optical flow of every frame not concerning the
previous one, but with respect to a homogeneous reference
frame with constant brightness:

Ie = I(i,j, k) = Iyey . (15)

In other words, Ij, is the change in the pixel intensity between
the current frame and the reference.

As pointed out by Horn and Schunck in [18], the relation-
ship between the optical flow in the image plane and velocities
in the three-dimensional world is not always obvious. Motion
can also be perceived as a change in an image even though
the object did not physically move, and conversely, a moving
object can still have a constant brightness pattern. Therefore,
calculating the optical flow of a radar image against the homo-
geneous reference plane enables one to find target structures
even when hidden in heavy noise. Leveraging on the fact that
the spread of the intensity of a target in the image plane is
represented by its PSF, the target can be made apparent in the
optical flow domain. The PSF, being a smooth and distributed
intensity function, will have varying pixel intensities according
to (15). Pixels closer to the centre of the PSF will have higher
intensities, gradually decreasing away from the centre. Pixels
in regions where the PSF intensity decreases, show optical flow
vectors pointing away from the centre, indicating motion away
from the higher-intensity region. In regions where both frames
have constant and equal intensity, the optical flow vectors
would ideally be zero, indicating no motion. The Gaussian
shape of the PSF introduces a smooth flow pattern, with
vectors diverging gradually based on the PSF. The change in
intensity for pixels that solely represent noise, causes a random
optical flow vector dependent on the change in brightness
compared to the reference.

For illustration, a typical radar measurement z; with one
target present with an SNR of 0 dB is shown in Fig. 1 for both
the target only (a) and the target plus noise case (b). In Fig. 2,
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Fig. 1: A single realisation of the measurement z; at k = 10
with SNR = 0dB.
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(a) Optical flow (b) Optical flow divergence

Fig. 2: Optical flow and its divergence for a measurement zy,
at k = 10 with SNR = 0dB.

for the same measurement scenario, the optical flow vector
field (a) and its divergence are shown. It can be seen that even
though the target is hidden in heavy noise and in Fig. 1b it is
visually nearly impossible to locate the target, it becomes a lot
more obvious looking at the optical flow calculated against a
homogeneous reference. As previously described, the spread of
the target in the image plane causes the vector field to diverge.
Thus, by calculating the divergence of the optical flow vector
field, target-alike structures and noise can be further separated
(cf. Fig. 2b). In most areas of the image, the divergence is
zero, and at the target’s location, the divergence is around three
times higher than the divergence that is randomly created by
the noise.

As optical flow constitutes a vector field, we can systemat-
ically integrate the vector field across multiple time intervals,
aligning with the concept of TBD. Under the assumption of a
target manoeuvring at a relatively slow pace compared to the
sampling time, this further enhances the detection capabilities
of the method. This is because the vectors representing the
target accumulate coherently, while the flow vectors induced
by noise aggregate randomly.

B. Implementation notes

The implementation of the proposed method is done as
follows. For every time step, the optical flow of the raw radar
image against the homogeneous reference is calculated as
previously described. For the Horn-Schunck optical flow cal-
culations the inbuilt MATLAB implementation opticalFlowHS
[19] is used. Depending on the chosen integration time, the
optical flow is coherently integrated over multiple time steps.

The integration time has to be chosen under consideration of
the target’s reflectivity, motion, and acceptable time delays.
Subsequently, the divergence of the integrated optical flow
vector field is determined. For a detection decision to be
made a threshold is applied to the obtained divergence. In
this paper, we use a simple constant threshold as well as
CFAR thresholding. Since the raw radar image is used as
input, and more specifically since the thresholding is applied
to the divergence of the optical flow vector field, the output
after thresholding has to be clustered as the backscattered
signal of a target can be spread over numerous resolution cells.
We use density-based spatial clustering of applications with
noise (DBSCAN) clustering as it does not require any prior
knowledge about the number of clusters [21]. The output after
clustering provides our detections whereby the centre position
of each cluster is taken as the position of each obtained
detection.
The whole signal processing chain is illustrated in Fig. 3.

Raw data »  Optical flow
Divergence [+ Integration
4
Thresholding > Clustering
Detections

Fig. 3: Illustration of the proposed signal processing chain.

IV. NUMERICAL RESULTS
A. Simulation scenario

The simulation scenario consists of a single target, moving
according to a nearly constant velocity model, observed by a
maritime radar with a constant scan rate of 7' = 1s and ¢ =
7 = 150 resolution cells in x- and y- direction, respectively.
The process noise of the kinematic model is ¢ = 0.005.

The target is assumed to be of a Swerling 0 type i.e.,
Ay = A. The target’s mean power is set with respect to the
indicated SNR values respectively and follows the relationship
of the peak SNR:

SNR = 10 log;, (;;1) , (16)
where = 1 is the noise power of the Rayleigh distributed
noise defined in (6). The target is initially located at [z y]* =
[45 55]T with an initial velocity of 0.5 and 0.1 pixels per time
step in x- and y- directions, respectively. In the simulation, the
target’s spread across the surrounded resolution cells is set to
o= 05 =5.



The MATLAB function for calculating the optical flow
has been used with its default settings, meaning an expected
smoothness of 1, a maximum number of iterations of 10, and
a minimum absolute velocity difference of 0. For clustering
after the thresholding step, DBSCAN has been used with a
radius of one pixel and a minimum of one point within the
radius, respectively, to form a cluster.

The CFAR thresholding has been done according to Sec-
tion II-C, where the auxiliary cell number was set to N = 15
and the guard cell number was set to 5 which was chosen
based on the expected target spread. The false alarm rate was
setto Ppy =5-1075.

For the assessment and comparison of the different methods,
the following definitions have been used. For the calculation of
the probability of detection, a decision is counted as correct
if the centre of a cluster is in the range of +3 pixels from
the centre peak of the true target position. The probability
of a false alarm is defined as the number of detection cells
subtracted by the number of cells, that are according to the
detection cluster belong to the target, divided by the total
number of resolution cells in the image. These definitions are
necessary to account for the fact that due to the target’s spread,
the intensity in more than one resolution cell can exceed the
threshold, but still stem from the same target which is then
addressed by clustering.

The results presented in the remainder of this section are
obtained by averaging over 200 Monte Carlo trials.

B. Simulation results and discussion

The simulation results presented in Fig. 4 have been created
by applying the previously explained proposed method to the
data of the described simulation scenario. For thresholding
the divergence of the optical flow, two different methods
are shown. First, a simple constant threshold of 0.98 of the
maximum value of the divergence of the optical flow vector
field which is plotted in blue and referred to as COF-D-TH.
Second, a CFAR threshold is applied to the divergence of
the coherently integrated optical flow which is plotted in red
and referred to as COF-D-CFAR. These are compared with
a standard CFAR detection scheme i.e., a CFAR detector
directly applied to the radar raw data. This is plotted in
yellow and indicated as CFAR. The same clustering has been
used for all of the methods. For a fair comparison, in the
case of integration of the optical flow, the raw data has also
been integrated over the same amount of time steps before
performing CFAR detection. In dashed lines, the same is
displayed for the results of using the measurements of just
one time step without any integration.

As it can be seen from Fig. 4, for a constant probability of
false alarm, the proposed method achieves the same detection
performance for an SNR that is 2-2.5 dB lower. This holds for
both cases, with and without integration. However, without
coherent integration of optical flow, the proposed method is
no longer really a track-before-detect method, and in addition,
detection performance decreases. Generally, it is obvious that
all methods perform better when integration is used which

sl COF-D-TH (proposed) ¥
+ COF-D-CFAR (proposed) _._.
CFAR f

Fig. 4: Simulation results of the probability of detection Pp
vs. the SNR averaged over 200 Monte Carlo runs with an
integration interval of 5 frames (solid) and without integration
(dotted) for a constant probability of false alarm of Pry =
5-107°.

was expected. Furthermore, it is worth noting that the simple
constant threshold used in combination with the divergence of
the optical flow gives almost similar results to the CFAR used
on the same data. The advantages of a constant threshold are
that it needs fewer resources in computation, and it can also
easily be applied to the whole image. In contrast, the CFAR
suffers from discontinuities at the edges which can potentially
be problematic as targets are likely to appear at the edges of
a surveillance area.

By looking at the amplitude histograms of the radar raw
image and the divergence of the optical flow of one realisation
at time step & = 10, shown in Fig. 5, we can further
analyse how the proposed method works. By calculating the
divergence of the optical flow, we transform our problem from
the image domain to the optical flow domain. For the raw radar
image (shown in 5a), the amplitudes seem to be Rayleigh
distributed as the whole image is dominated by noise. For
the shown SNR = 0dB the target’s amplitude distribution,
with a maximum amplitude of A =1 is clearly overwhelmed
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(a) Raw radar image

(b) Optical flow divergence

Fig. 5: Amplitude histograms of one realisation of the raw
radar image and the optical flow divergence (SNR = 0dB).



by the noise distribution. However, since only the target’s
characteristics in the radar image give rise to divergence in
optical flow vector fields, the divergence is in most of the
image part zeros or very close to it. The deviation around
a divergence of zero which is caused by noise is normally
distributed. The standard deviation is small compared to the
divergence values that stem from the target’s appearance which
is around 0.15 in Fig. 5b. This is also the reason why a
simple constant threshold produces such good results. The
global noise distribution and the target distribution are well
separated so that no local analysis is needed. In Fig. 5b, the
standard deviation of the normal distribution is so low that the
tail is already close to zero at divergence values caused by the
target.

V. CONCLUSIONS AND FUTURE DIRECTIONS

In this work, track-before-detect radar detection based on
the coherent integration of optical flow was formulated and
presented. Unlike conventional optical flow methods, mainly
used in computer vision, the flow is not calculated for
consecutive frames but for every single frame with respect
to a homogeneous reference. It was shown that this causes
divergence in the optical flow vector field due to the target’s
appearance even when hidden in heavy noise. Utilising this,
a novel detection method was proposed. In simulations, the
proposed approach was shown to have a considerably better
detection performance for low SNRs when compared with a
classical CFAR detector directly applied to radar raw data.
It was further shown that the transformation from the image
domain to the optical flow domain separates the target from
noise sufficiently well that even a simple constant threshold
can be used on the divergence of the optical flow to make
a detection decision. Future work will be concerned with
more detailed analyses, including (a) multi-target scenarios,
(b) different clutter distributions (e.g., the K-distribution [22])
to represent more appropriate, application-specific conditions
[23] as well as (c) implementations and testing on real data.
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