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ABSTRACT

Cognitive Radar is the next step and the future of modern radars. More specifically,
cognitive radars are remote sensing systems that use priori knowledge for surveillance, tracking,
and imaging. These radars can distinguish between signal interference, clutter, and the signal
with the use of a receiver to transmitter feedback system. One of the biggest challenges in
cognitive radars is modeling cluttering and adapting to its surroundings. This thesis looks into
land clutter modeling distributions and discrete clutter modeling techniques. These definitions
could be the next step to developing accurate cognitive radar that is more effective in
distinguishing clutter from the target.
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Chapter 1
Introduction and Background
When a radar transmits an electromagnetic signal, the return signal does not only include
the reflections of the target, but also the reflections of different elements in the surrounding
environment. Some of these different elements are referred to as clutter. Clutter can be any
physical object in the environment that can interfere with the transmitted signal. The sources of
unwanted reflections could be land terrains, sea waves, rocks, garbage, small animals, etc. One
of the goals for the development of cognitive radars is to improve a prior knowledge base that
differentiates clutter return and target return [8]. Therefore, the purpose of this paper is to
investigate different statistical clutter models that could strategically be incorporated into a
cognitive radar. The models discussed in this paper will be based on probability and statistical
analysis from various sources.
The following chapters will give insight to distributed clutter models and some discrete
clutter models. The reason for this is that even though a model for the reflections of natural
clutter can be developed, manmade clutter is much more random and has a stronger reflectivity
[11]. This randomness leads to a high false alarm rate that can give false feedback to the radar.
Chapter 2 will entail common distributed clutter models for land terrain. Chapter 3 that will
discuss a discrete clutter detecting technique from an IEEE conference. Lastly, Chapter 4 will
encompass the conclusion and theories for the next potential steps in clutter modeling.
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1.1 Radar Cross Section
Radar cross section (RCS) is fundamental and essential to the understanding of radar
mechanics. RCS will characterize the reflective strength of the target without being effected by
the transmitter, receiver, and distance between the transmitters to the target. RCS is measured at
the incident of the target to remove the effects of the transmitter power and target distance
(range), and it is normalized by a factor of 4πR2 to negate the back scattering factor to the
receiver [6]. Thus, the RCS is derived completely independent of receiver and transmitter effects.
This can be seen below, where the derivation of RCS starts with the power captured by the
receiving antenna [12]:
𝑃𝐺

𝜎

𝑡 𝑡
𝑃𝑟 = [4𝜋𝑅
2 ] ∗ [4𝜋𝑅 2 ] ∗ [

𝜆 2 𝐺𝑟
4𝜋

] (1.1)

Equation (1.1) displays the power received, where 𝑃𝑡 is the power transmitted, 𝐺𝑡 is the
antenna gain, 𝐺𝑟 is the receiving antenna gain, R is the target range, 𝜆 is the radar wavelength ,
and 𝜎 is the radar cross section of the target. The effects from distance, transmitter, and receiver
can be removed from (1.1) to define the independent RCS.
𝑃 𝜎

𝑡
𝑃𝑟 = 4𝜋𝑅
2

(1.2)

This can be further simplified to solve for RCS, and the limit of R taken to infinity can be
added to imply a planar wave incident to the target. A planar incident theoretically means a
uniformly scattered power at the target. This is not accurate in real life, but for the purpose of
this thesis, it is sufficient [4].
𝜎 = lim 4𝜋𝑅 2
𝑅→∞

𝑃𝑟
𝑃𝑡

(1.3)
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Therefore, RCS is the ratio of the power scatter from the target versus the power incident
on the target. Because power is proportional the square electric magnetic fields, the RCS in (1.3)
can be describe in terms of electric fields, where 𝐸𝑖 and 𝐸𝑟 are incident and scattering electric
field magnitudes, respectively [5, 10].
|𝐸 2 |

𝜎 = lim 4𝜋𝑅 2 |𝐸𝑟2 |
𝑅→∞

(1.4)

𝑖

Throughout this thesis, the radar cross section will be described in logarithmic terms
because RCS could range from extremely small objects like pebbles to buildings. This will make
the RCS easier to visualize and analyze. The RCS value 𝜎 has units of meters squared, and will
be described in terms of dB meters squared:
𝜎(𝑑𝐵𝑚2 ) = 10 log10 (𝜎

𝜎

𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒

)

(1.5)

Where 𝜎𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒 is referenced to 1 meter squared in many sources [5, 10]. Radar cross
section is essential to the description of clutter characteristics and clutter modeling, because it
independently describes the target.
1.2 Clutter-to-Signal Ratio
As discussed earlier, when a target is detected there are always unwanted echoes
interfering with the signal. These echoes can come from clutter in the environment, especially if
the detectable target is very small. The clutter echo depends on the area illuminated by the radar
resolution cell, and a signal-to-clutter ratio can be developed.
𝑆
𝐶

=

𝑅𝑚𝑎𝑥 =

𝜎
𝜏
2

𝑅 sec 𝜙∗𝜃𝑏 ∗𝑐∗( )∗𝜎 0
𝜎
𝑆
𝜏
( )
∗sec 𝜙∗𝜃𝑏 ∗𝑐∗( )∗𝜎 0
𝐶 𝑚𝑖𝑛
2

(1.6)
(1.7)
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Equation (1.6) is the signal-to-clutter ratio (SCR) for low grazing angles where, S is the
signal, C is the clutter signal, 𝜃𝑏 is the azimuth beam width, c is the velocity propagation, 𝜏 is the
pulse width, and 𝜙 is the grazing angle, σ0 is the normalized radar cross section or reflectivity
clutter coefficient. Because the echo depends on the SCR, the maximum range, 𝑅𝑚𝑎𝑥 , to detect
a target becomes (1.7) with the minimum SCR. Therefore, the SCR must be sufficiently high to
detect the target and have a longer range [13]. Figure 1 puts the parameters of the SCR into
perspective.

Figure 1. Radar Beam Width and Grazing Angle

The σ0 is dependent on many variables depending on the parameters and conditions
such as grazing angle, radar frequency, polarization, and surface type. For example, the
dependence of the normalized RCS on surface roughness can affect the amount of backscatter
reflection increases. However, at a low grazing angle rough surfaces appear increasingly smooth
and the magnitude of σ0 decreases as the angle decreases. The low grazing angle range that
reflects a decrease in backscatters is known as the interference region. This region is followed by
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the plateau region where the grazing angle is proportional to the σ0 magnitude. The last region is
known as the quasi-specular region, in which normal incidence leads to a very high σ0 return [6].
Figure 2, below, represents the discussion above.

Figure 2. Grazing Angle vs. Normalized RCS

In order to predict the radar performance, the σ0 magnitude needs to be assigned an
appropriate value that can be harvested from research, which has been done throughout previous
decades on many different environments and conditions. Clutter has an impact on the
detectability of the target, and to improve the range of detection as well as the accuracy it is
important to model the clutter in the environment.
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Chapter 2
Clutter Model Distributions
This chapter will discuss common clutter model distributions. Clutter modeling is
described through probability and statistics, and it represents the uncertainty of the environment
[4]. Certain types of probability distributions functions are used to model land clutter based on
the type of terrain. Because clutter is random, no single clutter model is enough for every type of
surface environment; thus, the models discussed in this chapter are common models used for
prediction of clutter in low angle land environments [6].
After a brief introduction of probability and statistics, this chapter will discuss
distributions common to land terrain: lognormal, Weibull, and Rayleigh.
2.1 Probability and Statistics
This section is a brief exposure into the statistics as well as the notation used in Chapter 2
to describe the clutter models. Because of the natural and analog characteristics of many
environments, distributed clutter will be described by probability density functions (PDF) and
cumulative distribution functions (CDF). These continuous functions describe the probability of
event to be within a set interval.
𝑓(𝑥) = 𝑃{𝑋 𝑖𝑠 𝑏𝑒𝑡𝑤𝑒𝑒𝑛 𝑡ℎ𝑒 𝐼𝑛𝑡𝑒𝑟𝑣𝑎𝑙}
𝑏

𝑃(𝑋 ≤ 𝑏) = ∫−∞ 𝑓(𝑥)𝑑𝑥
𝑏

(2.1)
(2.2)

𝑃(𝑎 ≤ 𝑋 ≤ 𝑏) = ∫𝑎 𝑓(𝑥)𝑑𝑥 (2.3)

𝑃(−∞ ≤ 𝑋 ≤ ∞) =

∞
∫−∞ 𝑓(𝑥)𝑑𝑥
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=1

(2.4)

The PDF in (2.1) is described by a continuous function with an interval from −∞ to ∞, in
which the random variable 𝑋 exists. The PDF can be manipulated to find the probability that 𝑋
resides within a designated interval; (2.2) and (2.3) exemplify this manipulation. The collection
of these random variables can be distributed as CDF, which the probability of an even occurring
is mapped to a spectrum between zero and one. (2.5) and (2.6) show this correlation between the
PDF and CDF.
𝐹(𝑡) = 𝑃(𝑋 ≤ 𝑡) = 𝑃(𝑤: 𝑋(𝑤) ≤ 𝑡)

(2.5)

0 ≤ 𝐹(𝑡) ≤ 1 (2.6)
𝐹(𝑡) and 𝑓(𝑥) will describe the CDF and PDF, respectively. 𝑃(𝑒𝑥𝑝𝑟𝑒𝑠𝑠𝑖𝑜𝑛) will be the
probability of an event occurring. Standard deviation and variance will be denoted as 𝑆 2 and 𝑆,
respectively. The variables 𝜇 is the mean and 𝑥 is the amplitude and magnitude. Later in the
document, the random variable 𝑥 will be described as the magnitude of the NRCS in terms of σ0.
2.2 Lognormal
Lognormal distribution is similar to the normal distribution, but its scale is in logarithmic
instead of linear. The lognormal distribution is ideal for modeling clutter that attains large RCS
values usually 10 to 20 dB above the median RCS value [5]. Compared to the Rayleigh, this
distribution captures a larger range, which will be discussed in the next section.
1

𝑓(𝑥) = 𝑥𝑆√2𝜋 𝑒

[

−(𝑙𝑛𝑥−𝜇)2
]
2𝑆2

(2.6)

(2.6) is the PDF for the Lognormal distribution. If the 𝑥 is replaced by 𝜎 0 , which is the
normalized radar cross section (NRCS) that represents the clutter in the environment, then (2.6)
can be replaced by (2.7).
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1

𝑓(𝑥) = 𝜎0 𝑆√2𝜋 𝑒

[

−(𝑙𝑛𝜎0 −𝜇)
2𝑆2

2

]

(2.7)

(2.7) is the similar to (2.6), but the random variable is seen in terms of NRCS or radar
parameters. Noise is usually represented with a normal distribution because the amplitudes of
noise are typically very close to zero and cancel out due to symmetry. However, clutter adds a
unique aspect to the distribution where extremes become more common and the regular normal
distribution can no longer represent or model the clutter in the environment. Not all clutter will
cause sampled voltage spikes to fall above the noise threshold, but the probability of having
spikes does increase. This is called the probability of a false alarm, which increases in any
environment where the target is small compared to the clutter (wooded areas, mountains, forests,
etc.).

Figure 3. Normal vs. Lognormal Distribution
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Figure 3, above, compares the lognormal to the normal distribution, both PDFs were
plotted with the same variance. It can be observed that the lognormal distribution has longer tail
for the more extremes in a clutter-filled environment, and the normal distribution shows the
majority of the NRCS in lower amplitudes. In addition, the cumulative distributions of both the
lognormal and cumulative PDFs can be seen in Figure 4. This exemplifies the wider spectrum of
the lognormal distribution to accommodate for the higher spikes in clutter-filled environments.

Figure 4. Normal vs. Lognormal Cumulative Function

As mentioned earlier in the chapter, no one model is perfect for every
environment. Therefore, lognormal can utilize different variances to fit specific requirements or
model the best fit for an environment. The distribution is shaped to model the environment more
accurately then a generic variance value. This affect can be viewed in Figure 5. Figure 6 shows
the respective CDFs of the PDFs in Figure 5.
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Figure 5. Lognormal Distribution with Different Variances

Figure 6. Lognormal Cumulative Distribution with Different Variances
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2.3 Rayleigh and Weibull
Another very common distributed clutter model is the Weibull distribution. Weibull is
part of the k distribution, and is unique with three parameter inputs. Therefore, one parameter is
made to shape the curve while the other two are the mean and variance. Rayleigh will also be
discussed within this section because it is a member of the Weibull distribution with a constant
shaping parameter. Both the Rayleigh and Weibull are models that offer a variety of shaping due
to the many input parameters.
The Weibull function is used in radar, because its properties allow it to reside between
the lognormal and Rayleigh distributions [5]. The properties of the Weibull distribution can also
increase amplitude range to match the lognormal tail curves. Over all, the PDF in equation (2.8)
can be very flexible to model multiple types of clutter-filled environments.
𝑓(𝑥) = 𝛽

𝑥 𝛽−1
𝛼𝛽

𝑥 𝛽

𝑒 −(𝛼) (2.8)

As one can observe, (2.8) is different from lognormal distribution, where the 𝛽 represents
the shaping and 𝛼 represents the scale of the distribution. These variables are comparable to the
lognormal distribution, where the variance is the shaping and the mean is the scale of the
distribution. Similar to (2.7), the random variable 𝑥 can be replaced with the NRCS or 𝜎 0 of the
clutter in (2.9):
𝑓(𝜎

0)

=𝛽

𝜎0

𝛽−1

𝛼𝛽

𝑒

𝛽
𝜎0
)
𝛼

−(

(2.9)

If 𝛼 or the scaling factor remains constant at a value of one, then (2.10) represents the
new PDF. This value is used to simplify the Weibull distribution, to compare and evaluate the
different shaping distributions.
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𝑓(𝜎 0 ) = 𝛽𝜎

𝛽
0 𝛽−1 −(𝜎0 )

𝑒

(2.10)

To continue, a similar comparison to the normal distribution can be seen with Figure 7.
Once again, the adaptation of the clutter or extremes in the environment is seen in the Weibull
distribution, which includes the Rayleigh. For consistency, the normal distribution plot in Figure
7 will have a scaling factor or variance of two. Thus, the arbitrary Weibull and Rayleigh
distributions will also have a scaling factor or 𝛼 at a value of two. This way the plots are equally
proportional and comparable.

Figure 7. Weibull, Rayleigh, and Normal Distribution

Figure 8 displays the cumulative distributions of all three distribution PDFs. The
spectrum width of the Weibull and Rayleigh PDFs is larger than the spectrum width of the
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normal distribution. This is due to the increase probability of a higher NRCS (from the clutter in
the environment).

Figure 8. Weibull, Rayleigh, and Normal Cumulative Distribution

In addition to the comparison to the normal distribution, Figure 9 (below) displays the
different shaping parameters of the Weibull distribution including the Rayleigh distribution with
𝛽 equaling two. Notice when 𝛽 = 1, the Weibull distribution represents an exponential
distribution. Similarly, when 𝛽 < 1, the curve starts to create longer tail curves that account for
higher clutter NRCS magnitudes. Furthermore, as 𝛽 increases, the more normal the Weibull
distribution seems [6]. The cumulative distributions of these different Weibull shaping
parameters can be seen in Figure 10 (below), where a multitude of spectrum widths can be
observed. A full comparison between all of the distributions discussed in this chapter is also
visualized in Figure 11 (below). Notice that this figure displays the Weibull distribution as a
middle ground between the lognormal and Rayleigh distributions.
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Figure 9. Weibull Shaping Distributions with Constant Scaling of Two

Figure 10. Weibull Cumulative Shaping Distributions with Constant Scaling of Two
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Figure 11. All Distributions with Constant Scaling of Two
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2.4 Results and General Trends
Lognormal, Weibull, and Rayleigh are all PDFs that are characterized by a shaping
parameters to match the observed spikiness to fit the clutter in any environment. These
distributions are unique to modeling clutter because they can match a variety of spiky data. This
is done through using variance or a specific shaping parameter. The scale in both these
distributions determines the ballpark amplitude values, and then models the distribution around
that specific region. This is observed in Figures 4-6, where every lognormal distribution is set
around the NRCS amplitude value of two. Another trend to notice is that the longer the tail the
more clutter that is accounted for in the environment; while a plain would need a reduce tail
curve, a wooded or rocky area would need a longer sloping tail curve to model the environment
[4]. When trying to model these environments Weibull remains in between lognormal and
Rayleigh distribution. In other words, a clutter-less environment can take advantage of the
Rayleigh distribution, and a clutter-filled environment can use a lognormal distribution.
However, if there is a neutral environment where there is clutter but not to an extreme, the
Weibull function has the flexibility to model these type of environments.
Overall, this chapter emphasizes the potential of PDFs and CDFs to model the clutter in
the environment, which would further research and predict the performance of the radar in
different conditions [6]. Nevertheless, these distributions do not necessarily guarantee the same
results in the real world since they are simulations.
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Chapter 3
Discrete Clutter Modeling Technique
Discrete Clutter Modeling is more difficult to model because the clutter mapping of the
RCS is much more random and has a higher reflectivity due to manmade or fabricated objects.
Backscattering from objects such as cars, piles of trash, buildings, houses, etc. can cause a
multitude of false alarms. In discrete clutter analyzation much higher density of scatters are seen
depending on the situation; a city would reflect extremely high RCS values. To continue, these
scatters can cause the RCS of the true object to inflate, where a metal can could reflect a
100 𝑚2 RCS depending on the frequency used in the scan. Therefore, these amplifications
would cause a large number of false alarms that no distribution discussed in the last chapter
would be able to model. To combat these false alarms, cognitive radars store information about
predetermined clutter as a priori knowledge. Much research has gone into creating empirical
models and common RCS values with different frequencies to model interpret the target from the
clutter on analyzation [3, 6]. However, no research can account for the infinite amount of RCS
values within an environment.
With this brief background on the common problem with discrete clutter, this chapter will
dive into a technique on reducing false alarm rate of discrete clutter found in a recent IEEE
conference. This would be essential in potentially applying and/or utilizing a distributed model
discussed in the previous chapter.
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3.1 A MIMO Radar System
This section is background information on multiple input multiple output radar systems.
It will give a brief overview on the benefits and concepts on MIMO radar systems. MIMO radar
systems utilize multiple antennas to improve spatial resolution and to nullify interference from
external sources.
Each antenna has its own transmitter that could output arbitrary waveforms, which could
be individualized to be unique from the other transmitters in the MIMO radar. When receiving
signals, each antenna has a receiver that can receive all the reflections from every projected
waveform from each transmitter. Because each waveform is unique, the transmitter can actually
differentiate each received signal to an individual transmitter.
To visualize this process, a virtual matrix is determined:
𝑇 = [𝑇0 𝑇1 … 𝑇𝑁 ]
𝑅=
𝐵00
𝐵
𝐵 = [ 10
𝐵20
𝐵30

𝑅0
𝑅1
[ ... ]
𝑅𝐾

𝐵01
𝐵11
𝐵21
𝐵31

(3.1)

(3.2)
𝐵02
𝐵12
⋱
…

𝐵03
𝐵13
]
⋮
𝐵𝑁𝐾

(3.3)

Above, the transmitter and receiver fields are classified as (3.1) and (3.2), respectfully. In
(3.3), the virtual matrix is realized with the combination of the transmitter and receiver fields
into their respective bins. Because a MIMO system requires each antenna to have its own
receiver and transmitter, every matrix will have the same number of columns and rows [14]. This
section is an overview of MIMO radar systems that will help to clarify the new MIMO probing
technique discussed in the next section.
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3.2 MIMO Discrete Clutter Modeling
This MIMO discrete clutter-modeling technique discussed this section uses a short pulse
probing (SSP) method that can reduce the false alarm rate from discrete clutter with high
reflectivity. This is because SSP has a faster real time response and reduces side lobe effects
from high RCS from discrete clutter. The downside of using a SSP method is that it will reduce
the clutter to noise signal, but the strong signals from discrete clutter that affect modeling can
still be differentiated from the noise.
Cognitive and fully adaptive radar (CoFAR) architecture, in [7], is used to process the
transmitting and receiving waveforms in real time detection. This method utilizes a CoFAR
architecture with code division multiple access (CDMA) filtering to reconstruct the estimates of
the various elements of the MIMO matrix described in (3.1). The purpose of this thesis is to
discuss clutter-detecting methods, while the CoFAR architecture is important in cognitive radar,
it is much more complex and in-depth information about it can be found in [7].
To detect the strong signals from discrete clutter, the following functions or digital
computations are performed through the receiver. The transmitted signals will have 𝑇 denote the
set of differing waveforms outputted and 𝑅 will denote the set of waveforms received. This is
similar to notation used in the last section on a MIMO system, and will continued to be used in
this section for consistency. In order to discern the discrete clutter, each 𝑁 𝑡ℎ transmitted signal is
given a weight 𝑊𝑁 , to every deconstructed signal coming from the receiver as seen in (3.4).
𝑇𝑁 = 𝑊𝑁

(3.4)

The residue of the each collocation can be determined by the scalar weight and 𝐾 𝑡ℎ
received signal.
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𝑍𝑁𝐾 = 𝑊𝑁′ ∙ 𝑅𝐾

(3.5)

In (3.5) Derivative of 𝑊𝑁 is taken to find 𝑍𝑁𝐾 or the residue for 𝑁 𝑡ℎ and 𝐾 𝑡ℎ transmitted
and received signal, respectively. From the residue, the 𝑋𝑘 , complex scalar output of 𝐾 𝑡ℎ
received signal, is derived with the use of the transmitted steering vector and the residue that was
expressed.
𝑋𝐾 = 𝑍𝐾 ∙ 𝑎𝜃′

(3.6)

The variable 𝑎𝜃′ is the scalar of the transmitted steering vector. The total focused transmit
receive beam, rK, is visualized by using a 𝐾 dimensional receive steering vector 𝑏𝜃 in (3.7).
𝑟𝐾 = 𝑋𝐾 ∙ 𝑏𝜃′

(3.7)

If the number of electrical channels are the same for the transmitter and receiver array,
then the steering vector for the receiver and transmitter are equal. Again, the equations (3.4) to
(3.7) are functions completed in the receiver to make a clutter map that could pick out the large
discrete clutter signals. Once the discrete clutter signals are found and localized to a range-angle
space, there are multiple algorithms or techniques that could manipulate the clutter or reduce
their deleterious effects as discussed in [2].
As stated earlier, if the method could reduce the magnitude of RCS given off by the
clutter, than a distribution could be utilized as a model [2]. The application of this technique is
for GMTI clutter environment, but this concept could also be applied to low angle land clutter.
The advantages of using low angle land clutter would help the analyzation of the clutter by
reducing backscattering effects and nullifying surface roughness effects. SSP method is a start to
advancing clutter detection in cognitive radar.
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Chapter 4
Conclusion
This thesis is a collection of analyzation methods for discrete and distributed clutter that
can then be applied to low angle land radar (see Appendix A). Chapters 2 and 3 reflect a gap in
modeling clutter, because as much data there is on distributed clutter in the natural environment,
there is still much research that needs to be done to accommodate discrete clutter. This is
because discrete or manmade objects skew the modeling spectrum, because of the increase
probability of false alarms. The IEEE article discussed in chapter 3 gives critical insight on how
discrete clutter could potentially be modeled with distributed models using SSP. With these
discussed methods, application is the next step. From this strong basis in modeling clutter, the
next sections will stipulate future steps followed by a theory that potentially create a more
effective cognitive radar.
4.1 Future Works
The next steps revolve around creating a clutter model through PXie-1075, which is a
National Instruments hardware platform that runs on LabVIEW software. This platform contains
PXie-5466r circuit cards, which are vector signal transceivers. These cards will be utilized to
receive and generate RCS values. Furthermore, an algorithm within LabVIEW will decompose
the received RCS values, and generate a unique distributed clutter model that adapts to the subset
of the received RCS values. This would be the first step in applying distributed models in a
controlled environment.
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4.2 A Prospective Theory
A theory that could potentially field discrete clutter signals and discern them from
environmental clutter is a compound comparator. Distributed clutter in the environment could
model the environment, while clutter maps could model the discrete clutter that falls above a
false alarm threshold, which is amplified to capture the strong signaled RCS. This can be
accomplished through using two thresholds for reflected return signals. The first threshold would
be for the natural clutter in the environment. The second threshold would be for the strong
signals from discrete clutter. If the signal were between the first and second threshold or below
the first threshold, it would be counted as a natural clutter and would be accounted in the
distributed clutter. However if the signal were above the second threshold, then the reflected
signal would be mapped as discrete clutter. With this theory, a cognitive radar could differentiate
more effectively between the manmade objects and the natural clutter from the terrain.
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Appendix A
MATLAB Code Used to Derive the Plots
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