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Abstract—Radar target detection is a fundamental process in
order to differentiate objects of interest and separate them from
background noise. A desired objective in detection operations
is to satisfy two very contradictory requirements: offer a high
probability of detection with a low false alarm rate. In this paper,
we propose the utilization of an artificial neural network for
the target detection procedure. The artificial neural network is
proposed trained under a conventional constant false alarm rate
(CFAR) detector to return positive outcomes conditionally when
a true target also exists at a cell under test; otherwise the network
aims to identify false positive detections and not to return positive
results. Through detailed simulations it is shown that such a
scheme can easily be used to train a neural network for fluctuating
Swerling targets with a very comparable detection performance
as of CFAR but with a significantly lower false alarm rate.
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I.

I NTRODUCTION

The ability to discover targets at a great distance is one of
the key features of radar systems. Disclosing potential objects
in a reliable manner with a high probability of detection (PD )
and a low false alarm rate (PF A ), however, still remains a
compelling task. A well-studied approach for target detection
in demanding noisy environments is to employ so-called constant false alarm rate (CFAR) detectors [1], [2]. The received
radar signals are then analyzed on a cell to cell basis. Each cell
is compared against a select few neighbouring cells and if the
value in the test cell exceeds its neighbours by a given margin
then a detection is declared. A large number of such detection
techniques have been proposed where the more prominent one
includes cell averaging (CA) CFAR. CA-CFAR is also known
to be optimal for detecting Swerling 1 targets [2] under certain
conditions [3].
The last decade has also seen a significant increase in
available computational power and the use of machine learning
algorithms, particularly those based on deep neural networks
(NN). These networks can be trained to be exceptionally
good at classification of various features nested in signals
and images [4], [5]. The use of machine learning methods
has also been discussed in radar settings to perform target
detection [6], [7], [8], [9], [10] using assorted strategies.
Other works include [11] where a trained neural network is
employed to switch between select CFAR techniques while
[12] uses neural network in a detection strategy to adjust for
clutter banks and treatment of multiple targets. Among more
recent papers [13] proposes a peak shape recognition process
thorough neural networks in frequency domain for continuous

wave radars. Despite these advances, the available literature on
neural networks and their use in radar detection applications
still remains relative sparse and lacks high level maturity.
For example, a common aspect found in many of the above
cited papers is that the neural networks considered are of very
moderate size; the networks proposed in [9], [10], [13] all only
contain one single hidden layer. The progress in computational
power, noticeably linked to graphical processing units, today
permits the training and utilization of extremely large and
deep neural networks on massive amounts of training data;
the benefits of which have so far not been studied in details
in relation to radar and target detection applications. This also
implies that newer, simpler but practical brute force neural
network training strategies are required who may easily be
adapted for legacy systems and already available and processed
data.
In this article, we therefore reexamine the problem of
performing CFAR type of detection for fluctuating targets
through the use of trained neural networks. The objective
is to completely replace the traditional CFAR processor by
a neural network to improve the overall detection process.
Many previous works such as [7], [9], [10] attempt to emend
the target detection performance beyond the one given by
traditional CFAR methods. Although improving the probability
of detection remains a very important factor, this work instead
concentrates on a different approach where we attempt to retain
the detection performance, PD , as already given by CFAR
detection strategies. The emphasis is therefore on lowering
the false alarm rate which can just as well be beneficial to
many practical radar setups. Simulations in various settings
with fluctuating target models and noisy backgrounds are
carried out to demonstrate the improvement in performance
obtained through trained neural networks and evaluated against
conventional CFAR methods.
II.

R ADAR AND S IGNAL MODEL

We consider a standard pulsed radar system where a
waveform p(t) is emitted at regular intervals. After emission
of each pulse the incoming echoes are sampled with a given
rate and a pulse compression is performed through a matchedfiltering operation resulting in,
X
r̂(t) = p∗ (−t) ∗
σn p(t − ∆n ) + w(t),
(1)
n

where t = 1, 2, ..., R. t is a discrete parameter corresponding
to different time delays and consequently range cells while
R indirectly points to the the maximum radar range. In the
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incoming target echoes, σn ∈ C are the reflectivity levels
and ∆n is the delay associated with reflector n. w(t) is
white Gaussian noise and ∗ specifies convolution. The targets
are assumed to be slowly fluctuating and follow a Swerling
1 distribution where the values of σn vary randomly from
dwell to dwell but with a given mean signal-to-noise ratio
(SNR). The radar may also emit multiple pulses in a coherent
processing interval (CPI) and the received echoes may be
integrated together coherently or incoherently to form r̂(t). In
any case, to disclose potential targets within the received signal
a detection procedure needs to be applied, typically using a
CFAR detector on r̂(t).

Fig. 1: Neural network detector structure

A. CFAR detector
A CFAR detector processes inputs coming from the square
law range samples of r(t) = |r̂(t)|2 ∀ t and each cell is
analyzed on a cell by cell basis. A sliding window of size
2N + 2G + 1 is chosen and moved across all possible range
cells of r(t), excluding potential edges. The 2N + 2G + 1
samples specified by the window are extracted in x(u), u =
1, 2, ..., 2N + 2G + 1 and the cell in the middle of the window,
x(N + G + 1) cell under test (CUT), is compared against a
scaled average composed of 2N averaging cells. G number
of guard cells immediately to the right and left of CUT are
ignored. The average, γ, inP
cell averagingP
is computed as mean
N
2N
1
of all 2N cells, γ = 2N
( k=1 x(k) + k=N +G+2 x(k)). A
detection is declared if
x(t)|t=CU T > γ K,

(2)

where K (dB) is a defined threshold selected to satisfy
requirements regarding probability of detection and false alarm
rate. CFAR techniques can with advantageous be applied in
noise only cases as there is then no need to separately estimate
the noise and interference level which can change as a function
of frequency, temperature and / or range.
B. A neural network detector
As it has been shown in the literature [6], [8], [9], [10] a
target detection process for radar data may be implemented via
a neural network and different strategies have been put forward
on how to train shallow networks. An uncomplicated training
strategy can consist of utilizing simulated or collected radar
data where one a priori is aware of target locations. The network can be educated to only return a positive detection when
a target is at a cell under test. The problem with this approach
is that it is difficult to translate into some type of indirect
classification scheme which a neural network can readily be
trained to recognize. For example, if a fluctuating target ends
up with a large negative SNR then such a target is highly
unlikely to get identified in a general situation regardless how
many such scenarios are included during training.
What we next develop is therefore an alternative training
strategy where a traditional CFAR detector is employed to
supervise and teach a network to differentiate out true targets
and only then return a positive outcome. The training process
for returning a positive outcome is hence partly based on a
traditional and well-understood concept. In addition to that,
the neural network must learn to handle situations where the
CFAR can erroneously return positive outcomes.

For the artificial neural network we consider a setup where
the sliding CFAR window is moved across the signal, as
previously; but the 2N + 2G + 1 inputs are normalized and
fed directly into a fully-connected feed-forwarding network.
The normalization is carried out via standard min max normalization to map the samples in entire CFAR window to
x(t)−min(x(t))
the range between 0 to 1, x̂(t) = max(x(t))−min(x(t))
. The
number of deep layers and nodes may be varied, though
generally it is understood that more flexibility is achieved
with greater number of layers. Taking note of recent work
on neural network [14], where it is proposed to decrease the
depth and rather increase the width of networks, we suggest to
use slightly wider type of networks. Having roughly at least
the same number of nodes in each layer as the number of
CFAR samples, or up to twice that of; and minimum two
or three hidden layers seems to present largely satisfactory
outcomes with good generalization. The output layer contains
only a single node as a binary detection estimate is desired.
The process is depicted in figure 1 where it is assumed that a
wider type of network is employed.
Proper training of the neural network is an important aspect
and for this we assume that L number of independent radar
signal realizations r(t)1 , ...., rL (t) have been gathered wherein
the number of targets and their bin positions are known. The
whole signal may be utilized for training, or alternatively to
reduce the computational burden representative regions within
each signal may be selected where the sliding CFAR window
is executed. The regions selected should contain the target at
an established known position, the areas within the vicinity of
the targets and samples only containing noise. Furthermore,
consideration needs to be given to the noise floor level. If the
noise plane is fixed at a specific value across all data then
the trained neural network may not adapt well to changing
noise environments. With this in mind, the average noise floor
should therefore vary over a desired interval in training data
to educate properly over a larger set of statistics.
The main parameter otherwise assumed locked during
training is the threshold value K. This determines the PD
for the standard CA-CFAR algorithm and is the objective
the network aims for. Different values of K thus lead to
distinctively trained network.
The desired output from each window block of training
data is 0 (no detection) or 1 for detection. Formally we
propose the training conditions of output from the final node

as following:

•

1: a true target is known to be present at cell under
test and CA-CFAR returns a positive detection.
0: otherwise

The positive training corresponds with a traditional CFAR
method for target detection, however, just as important is
the fact that the network now trains to return a zero output
in the absence of targets regardless the CFAR outcome. At
best, we can expect the trained neural network to offer the
same PD performance as of the original CA-CFAR method
but with a lower false alarm rate. The training process is
visualized in figure 2. With increasingly threshold values the
number of false detections arising from the CFAR process
decreases, thus the network can be expected to converge to
the standard CA-CFAR scheme when K is sufficiently large.
The technique is therefore most suitable for low thresholding
values where standard CFAR can return considerable number
of false detections.
Target exist
at CUT?
CFAR window data

0/1

CA−CFAR
result
Target exists ==1
and CA−CFAR ==1
0/1
0/1

Neural Network training

Fig. 2: Schematic description of the training process
This final performance of the trained neural network is
determined by running a large untrained data set thorough
it. The next section demonstrates these concepts on concrete
examples with detailed simulations.
III.
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S IMULATIONS AND RESULTS

To compare and analyze the performance of neural networks trained with the proposed technique we model a type
of pulsed radar system. A single pulse is presumed emit
which is reflected back from two independent targets placed
at simulated range bins 75 and 275. The total number of
bins is 400. The pulse itself is of unit norm and does not
introduce any additional compression gain and any beneficial
antenna gains are also not incorporated. The targets reflectivity
is assumed to follow standard Swerling 1 model where the
mean is varied randomly during training to mirror different
power levels following the exponential distribution. This is
indirectly assumed to take into account impact of propagation
and other environmental effects. For clarity, we point out that
due to the single pulse nature of this scenario the scatterer can
also be regarded as a Swerling 2 target. A total of L = 10000
such random signals are generated where the target average
SNR varied from a minimum of −100 dB to 65 dB uniformly.
It was assumed that any sidelobes are below the noise floor
level. The noise floor was not fixed rather ranged between −70
dB to −35 dB also following a uniform distribution from pulse
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Fig. 3: Example of simulated signal with training region
to pulse. Figure 3 shows an example plot of how the two targets
stand out in an high SNR situation. The regions marked by
red are where CUT are taken and the CFAR tests are executed
and extracted for the training process. This gives a ratio of
more than 2:300 between cells containing target and no targets.
Greater ratios can be more favorable for training, particularly
for higher threshold values of K but care must be taken as
not to overtrain the network. The CFAR parameters are set as
G = 4 guards cells and N = 5 averaging cells on each side or
alternatively as G = 2 guards cells and N = 7 averaging cells.
The data is put to use to train fully-connected feed-forwarding
networks with 2 hidden layers and 32 nodes in each layer using
the hyperbolic tangent as the activation function. Training on
the selected regions with 10000 simulated pulses gives rise
to 20000 targets within a total of 2 million CFAR window
testing samples. The training was carried out through the scale
conjugate gradient algorithm until a convergence was achieved
with the gradient below 1 · 10−8 or performance error under
1 · 10−8 .
After the initial training process a total of ten million new
pulses were generated; using the aforementioned methodology,
each again containing two targets with random Swerling 1
distribution but now with a predetermined mean power value.
The noise floor also varied, as described previously, randomly
between −70 dB to −35 dB on a pulse to pulse basis. This
can be seen as modeling a radar system where the noise
varies over time. The CFAR sliding window was repeatedly
run through all signals in full and the performance computed
with traditional CA-CFAR technique and the one obtained
through the trained neural network. Ten million pulses and
complete CFAR evaluation provides with a total of about 1.9
billion CFAR tests containing a total of 20 million targets,
which should give a reasonable good estimate of the final
performance. This process was repeated with varying average
target power to obtain probability of detection PD and the
false alarm rate PF A curves with respect to mean target SNR.
PD was computed as the number of correctly detected targets
relative to the total number of simulated targets while PF A
as the number of incorrectly detected targets proportionate to
correctly detected targets. One benefit of a neural network is
that the end result may not necessarily be either 0 or 1, instead
it may be seen as a measure of probability of detection. For
the described simulations, detection thresholds of an output
from the final node of being greater than d > 0.5 and d > 0.8
were considered, i.e. the probability of target detection to have
greater probability than no target to the point of credible object
exposure.
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Figures 6 and 7 depict simulations results with the threshold now set at K = 14 dB and G = 2, N = 7. As with the
previous case, there is a marginal loss with regard to CA-CFAR
in the probability of detection. This is nevertheless greatly
compensated with a large decrease in the false alarm rate. A
constant advantage of 3-6 dB can be observed for any given
value of PF A depending upon the threshold d.
The indicated results and the underlying training is based
on the fact that the mean noise level is not constant, rather
varies between a set interval. To evaluate the performance
under a determined noise floor we utilized the previously
trained networks (trained under a range of noise levels) and
repeated the simulations with a fixed mean noise floor of
−45 dB. The results of this can be seen in figures 8 and 9

40

Fig. 7: PF A , trained NN (2 × 32) and CA-CFAR, K = 14 dB

The training process was repeated for varying thresholding
levels, selected as K = 12.5 and K = 14. At large enough
values of K, the number of false detections with CA-CFAR
becomes virtually non-existing to the point that a neural
network using the given training setup does not bring forth
any advantage.
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Fig. 8: PD , trained NN (2 × 32) and CA-CFAR, K = 12.5
dB, fixed noise floor
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Figure 4 shows probability of detection curves generated
through the described simulation conditions under the relative
low threshold of K = 12.5 dB and G = 4, N = 5. The
left side shows the full plot, while the right side represents
a smaller region between 5 and 15 dB scaled up. The x-axis
gives the SNR in dB which is the average of target power
and the average noise level. The PD performance level for the
trained neural network detector follows the same general form
as that for CA-CFAR but with a slight loss corresponding to
1-2 dB. The loss is about 3 dB if the detection parameter is set
to d > 0.8. The false alarm rate for the same set is displayed
in figure 5. In contrast to CA-CFAR, the neural network here
shows a significant decrease in the number of false disclosures.
Both CA-CFAR and the neural network reach a lower floor at
high SNR values, however, the neural network starts off much
better at low SNR figures and retains the advantage throughout.
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Fig. 9: PF A , trained NN (2×32) and CA-CFAR, K = 12.5dB,
fixed noise floor
for K = 12.5, G = 4, N = 5 and figures 10 and 11 for
K = 14, G = 2, N = 7. The outcomes are very similar to
the ones observed in the previous plots where a slight loss
in P d can be observed though the neural network manages
to return far fewer number of false detections. By training
over a narrower noise floor range the results could probably
be improved, though this aspect is not pursued further here.
A. Multiple cell targets
We point out that the strategy put forth may easily be
modified to account for other type of CFAR detectors and
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Fig. 11: PF A , trained NN (2 × 32) and CA-CFAR, K = 14
dB, fixed noise floor
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0: otherwise

Beside these modifications, the same data generating and
training process is applied on a slightly bigger network, now
with 3 hidden layers and 48 nodes in each layer. Smaller
type of networks do not seem to generalize that well to more
complicated models. The final outcomes for K = 14 dB
with G = 4 and N = 5 can be seen in figures 12 and 13.
With the presence of sidelobes, the broader and deeper neural
network most likely has a complementary advantage of being
able to identify the patterns generated by sidelobes and the
leverage of this can be seen in the probability of detection
curves. The overall performance is very close to CA-CFAR
but can actually be improved upon slightly by using the node
threshold of d > 0.5, particularly at high SNRs. Notice that
that PD does not go all the way to 1 as all target sidelobe
cells are now calculated as potentially legitimate targets. The
PF A is, as previously for target models without sidelobes,
significantly lower than standard CA-CFAR further validating
the usefulness of trained neural networks.
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For an even further extended type of target model, four
uncorrelated scatterers were simulated localized at range bins
74,75,76 and 275 each with an independent Swerling 1 fading
and sidelobe levels of -20 and -26dB each. This can be
seen as modeling a bigger target with several independent
reflectors, or multiple closely spaced targets at the first cluster.
Figures 14 and 15 display the curves obtained under the
detection threshold value of K = 12.5 dB with CA-CFAR
and a neural network trained specifically under this scenario
(G = 4, N = 5). Under this low threshold value CA-CFAR,
as expectantly, has a large false alarm rate. The trained neural
network manages to lower this greatly, though with some
limited degradation in the PD especially at high SNRs. This
thus offers a very functional alternative to CA-CFAR with a
different kind of trade-off.

10-1

10-2

10-3

10-4
-20

-10

0

10

20

30

40

Average target SNR (dB)

Fig. 13: PF A , target with sidelobes, trained NN (3 × 48) and
CA-CFAR, K = 14 dB

by incorporating other form of signal sources in radar data;
and if necessary by increasing the width and deepness of the
network to improve convergence. The previous cases without
the inclusion of target sidelobes are important to manifest
the performance in a theoretical best case situation when
the objects are highly localized in range. In this section we
accordingly expand the previous target model to also include
sidelobes at both target ends with levels of −20 and −26 dB
below peak. For the training process, the sidelobes are now also

The subject of how an artificial neural network trains up
to recognize different patterns is beyond the scope of this
article. Some insights into this can nevertheless improve the
understanding of the underlying detection process. A possible
approach for this is to examine some example plots on what
differentiates a false CA-CFAR positive detection while a
trained neural network returns a correct negative response.
Figure 16 provides averaged plots of samples taken from
500 normalized CFAR windows all resulting in an identical
outcome. The samples are taken from the last simulation run
of 4 modeled targets and a detection threshold of K = 12.5 dB.
The top plot shows the standard case when both CA-CFAR and
the neural network return a true positive outcome. In this case
the target is in the middle and exceeds the scaled mean value
given by the averaging cells with a gradual intensity decline
due to the sidelobes. This is very much what one would expect.
The lower plot demonstrates the case when CA-CFAR returns
a false positive outcome while the neural network succeeds in
correctly not offering a detection (d < 0.8). The problem with
CA-CFAR seems to be that it absolutely ignores all data in the
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