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Abstract
This paper researches adaptive stagger-block-lattice-filtering (SBLF), phase-code pulse compression (PC), and stagger PRI
(pulse repetition interval) technologies, which can be used in an MTI radar. First, we deduce the compatibility between the MTI
filtering and PC, especially the placement order of both. When the MTI filter is a transversal filter, the overall performance is
independent of the placement order; however, when the MTI filtering is adaptive filtering, e.g., real-time weight calculating and
filtering, the overall performance is much dependent on their placement order. The deduction and simulation verify that a much
better signal-clutter-ratio improvement is reached when the PC is placed behind the adaptive filtering. The high speed and small
radar-cross-section of a target compel an MTI radar to be upgraded with stagger PRI, PC transmission, and adaptive filtering. In
such a case, only arithmetic computation largely restricts clutter suppression performance in complex environments. Our
experiments of years prove the necessity of incorporating AI into MTI processor, i.e., utilizing abundant prior knowledge. Then,
we describe the basic knowledge for the multi-technology processor: adaptive filtering reasoning center, performance behaviors
of two filtering modes, detection threshold set-up, target-terrace identification, and utilization of stagger PRI. Thereupon, five
heuristic strategies for the intelligent operation are proposed: 1) non-clutter block decision and threshold set-up, 2) PC
target-terrace identifications, 3) SBLF coefficient estimation, 4) Establishment of clutter-map, 5) Utilization of multiple stagger
PRIs. In order to verify the effectiveness of the intelligent operations, we make many experiments using computer and the basic
architecture parameters are based on a ship-borne radar; the generated clutters reflect land, sea, and weather returns, and the
selected targets reflect weak, high-speed aircraft returns. In the strong homogeneous and severe heterogeneous clutters, this
processor demonstrates maximized performance to acquire the weak targets.
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1. Introduction
Today’s MTI radars always incorporate multiple technolo-

gies to meet requirements of measurement and national de-
fense, such as pulse compression (PC), frequency agility,
stagger PRI (pulse repetition interval), and adaptive filtering

[ 1-3] . The utilization of these technologies faces a big chal-
lenge of their compatibility. Thereinto, the compatibility of
PC and adaptive filtering leads to much concern. Due to
technological requirements, in conventional MTI processing,
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the PC is placed ahead of the MTI filter/canceller [2, 4, 5] and
the overall performance is achieved well, independent of their
placement order. However, when an MTI processor involves
adaptive filtering, the weight coefficients are to be calculated
in real-time rather than designed in advance. The adaptive
filtering has to adopt the delay-filtering mode and employs the
target-free data to calculate the weight coefficients only rep-
resenting clutter. If the PC processing performs ahead of the
filtering, the PC output contains target sidelobes in a
wide-range region, close to the target main lobe; thus, it is
hardly possible to find training data to make valid weight
estimate. So, in this paper, we first research compatibility of
the PC and MTI filtering, particularly, the placement order of
both technologies.
Based on the stationary process assumption, many litera-

tures studying adaptive filters describe the optimization the-
ories, which are restricted within numerical computations [3,
6, 7]. In the early 1980s, references [8- 10] introduced spec-
trum estimation and practical adaptive radar processors, and
had incorporated some nonnumerical operations due to rea-
soning requirements; actually, those were just a class of pri-
mary intelligent operations. Because of the technology limi-
tations and low-level devices, the adaptive track speeds of
those radars were not fast and the reasoning strategies were
not complete. By the 21st century, AI in signal processing
has rapidly developed, associating with speech recognition,
navigation, radar systems, etc. [ 11- 13]. The training data
cannot contain the target return and it is a crucial step to use
them to estimate the adaptive weights. Reference [ 12] em-
ployed the measured data from radar programs to illustrate
realistic effects limiting radar performance. Then, they ex-
amine intelligent training methods to enhance space-time
adaptive detection performance. They described this issue in
detail.
Speeds of modern aircraft and missiles are extremely high,

up to Mach 3 or larger, so the Doppler frequency may also
reach the corresponding range. No matter a uniform PRI
(UPRI) is selected to be low, medium, or high, it always
causes speed ambiguity or/and range ambiguity. Stagger-PRI
pulse transmission is commonly used to solve the speed am-
biguity [2]. Large time-width PC is also involved in MTI
radar for low pulse transmission power, high range resolution,
and electronic counter-countermeasures [ 14, 15]. Thus, the
adaptive MTI processor always incorporates the both tech-
nologies. An adaptive filtering usually produces its coeffi-
cients in two ways: one is to design them in advance with the
matched or eigenvector algorithm [7] and to store them in a
weight base; the other is to calculate them in real-time with
the lattice algorithm [ 16 ] . Based on many years’ studies on
adaptive filtering for a stagger-PRI MTI system, we propose
a block lattice filtering algorithm, which calculates the coef-
ficients with range x azimuth block data of the stagger-PRI
returns and performs optimal improvement factor in the sta-
tionary clutter as the lattice filter with UPRI does. The filter-
ing algorithm is called the stagger-block-lattice-filtering

(SBLF). In addition, this structure has a low computation
load and low sensitivity of operation word length in compar-
ison with the transversal filter structure, so it is suitable to
implement in a real-time filtering processor.
This paper describes prior knowledge for introducing in-

telligent operations into the multi-technology MTI processor,
and the effects of incorporating heuristic strategies based on
the prior knowledge. Then, we demonstrate data and graphs’
results to illustrate the maximized performances of the pro-
cessor in homogeneous and heterogeneous clutters. In simu-
lation experiments, the conditions of strong, severe environ-
ment clutters and weak, high-speed flight targets are applied.

2. Compatibility Between MTI Filtering
and Pulse Compression

2.1. Conventional MTI Processing

In conventional MTI processing, the filter is a canceller or
transversal filter [7], which is designed in advance and works
over coherent azimuth data; the phase-code or frequen-
cy-modulated PC performs matched-filtering along range
bins. When both technologies work together, their compati-
bility or placement order can be verified. Given a radar re-
turn input (envelope) ( , l), { } coherent processing
interval (CPI) times, n ∈ {0, 1, ⋯, −1}, number of
azimuth data and l ∈ {1, 2, ⋯, r}, r range bins’ length, it
contains both PC and Doppler frequency information.
When we place the PC ahead of the MTI filter, the PC

output ( , ) is represented as

( , )=∑ c
1 ( , + − 1) ℎ ( ), (1)

where ℎ ( ), j ∈ {1, 2, ⋯, pc}, is the impulse response of
the compressor and is the PC length. For simplification,
we select a phase-code compressor, then ℎ ( ) is its code.
Equation (1) is a computation along range bins at . When

( , ), n ∈ {0, 1, ⋯, −1}, goes through a transversal
MTI filter, the filter output ( , ) at the range gate bin l is
represented as

( , )=∑ a
0
−1 ( + , )ℎ ( )

=∑ a
0
−1∑ c

1 ( + , + − 1) ℎ ( ) ℎ ( ), (2)

where ℎ ( ) is impulse response of the transversal filter,
whose time interval can be uniform or stagger, i.e.,
tn − tn+1 = tn+1 − tn+2 or tn − tn+1 ≠ tn+1 − tn+2 .
When we place the MTI filter ahead of the pulse com-

pressor, the filter output ( , ) at range gate bin l is rep-
resented as
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( , ) = ∑ a
0
−1 ( + , ) ℎ ( ). (3)

Equation (3) is a computation over azimuth data. Following
the filter, the compressor accepts its output and the PC output

( , ) in the range bin l is represented as

( , )=∑ c
1 ( , + − 1)ℎ ( )

=∑ c
1 ∑

a
0
−1 ( + , + − 1)ℎ ( )ℎ ( ). (4)

Comparing (4) with (2), we conclude that the overall per-
formances of both orders of inverted placements are the
same.

2.2. Utilization ofAdaptive MTI Filtering

In today’s MTI processing, the filtering may be adaptive
filtering of real-time structure, rather than non-real-time one.
Then both outputs of (2) and (4) may not be equal because the
filter impulse response {ℎ ( )} is variable in the inverted
placements. An adaptive filter needs to calculate its weight
coefficients in real-time and the coefficients cannot be cor-
rupted by the target in radar return to suppress the clutter only.
For this requirement, a delay-filtering mode is always selected.
That is, the data for estimating weights are ahead of the data to
be filtered. There are two schemes: 1) When the PC is carried
out ahead of the filtering, the PC target output forms a high
target main lobe in the middle of both wide-range sidelobes,
which cause a large problem of filtering weight estimation
since the clutter output data are mixed with the target side-
lobes, except when the target is quite weak. 2) When the fil-
tering is carried out ahead of the compression, only clutter
data is present before the PC target. Thus, the data in front of
the target can be employed as the training data for the weight
estimation, even if the PC target is non weak. Thus, the out-
puts of (2) and (4) do not represent the case of utilizing the
adaptive filtering. To further verify the deduction, we make
the following simulation experiments.

2.2.1. Comparison in Homogeneous Clutter
In the experiment with homogeneous clutter, the

phase-code PC is of a minimum sidelobe 63-bit code, with
peak sidelobe of 4 (-23.9 dB) [ 15], see Section 5.1.2. The
adaptive filtering is real-time SBLF, which is equivalent to a
backward prediction transversal filter [ 16], see Section 5.1.1.
We generate the land and cloud clutters [ 17], which are of Pg
30 dB, Fg 12 Hz, Dg 7.2 Hz1 and Pw 10 dB, Fw 240 Hz, Dw
58 Hz, respectively, and the target signals, of Pt1 5 dB, rep-

1 In this paper, all the clutters are modeled as a Gaussian spectrum. Pg, Pw, and Ps
denote the powers of land, weather (clouds or rain), and sea clutters, respectively;
Fg, Fw, and Fs denote the center frequencies of the three-class clutters, respec-
tively; Dg, Dw, and Ds denote the standard variance bandwidths of the three-class
clutters, respectively. The target is modeled as a point-frequency spectrum. Pt and
Ft denote its power and frequency, respectively.

resenting a weak target and Pt2 30 dB, non-weak target, over
range bins from 61 to 123 and 171 to 233, respectively. We
select Na=7, the stagger PRIs 1.29, 1.25, 1.49, 1.39, 1.44,
1.34, and 1.53 ms, the corresponding code 27 26 31 29 30 28
32. The blind-speed extension is 29, the stagger ratio is 1.23,
and the average PRI is 1/720 s.
Figure 1 shows the performances of two schemes of the

MTI processor in the homogeneous clutter. Figure 1 (a) results
from the scheme of the PC ahead of the SBLF; the black, blue,
and red curves represent the PC input, PC output, and SBLF
output, respectively. We observe that the input clutter sub-
merges the 5 dB target signal and reveals the 30 dB non-weak
target terrace, which is irregular due to the clutter corruption.
The PC output shows only one target impulse at bin 171, 66
dB high; the SBLF output shows two target impulses: one is at
bin 61, 46.5 dB high, with about 30 dB lobes at its two sides,
and the other is at bin 171, 44.3 dB high, with about 28 dB
lobes at its two sides. The result indicates that this scheme
acquires 16.5 dB signal-to-clutter ratio (SCR) output with the
weak target and 16.3 dB SCR output with the non-weak target.
This scheme has good clutter-suppression with the weak tar-
get but not with the non-weak target. Why? When a target is
present and the PC filter matches it, its output forms two wide
62-bin target sidelobes. The sidelobes are much lower than its
main lobe but they may not be much lower than the clutter
level. When this happens, the coefficient estimation will be
controlled by the front sidelobe to a certain degree. Roughly
calculating, the sidelobes of the weak target are about 17
(5+12) dB and the clutter neighboring the main lobe is about
48 (30+18) dB, so the SBLF coefficient estimate is not dom-
inated by the target sidelobe; however, the sidelobes of the
non-weak target are about 42 (30+12) dB and the clutter
neighboring the main lobe is about 48 (30+18) dB, so the
SBLF coefficient estimates are much controlled by the target
sidelobe; the SBLF filters out the target to a large degree.
Figure 1 (b) results from the other scheme of the pulse

compression behind the SBLF; the black, blue, and red curves
represent SBLF input, SBLF output, and PC output powers,
respectively. The input signal submerges the 5 dB target sig-
nal and reveals the 30 dB non-weak target terrace, which is
irregular due to clutter corruption. The SBLF output shows a
regular target terrace in the region between bins 171 and 233,
about 38 dB high; the PC output reveals two target impulses:
one is at bin 61, 49.3 dB high, with about 30 dB lobes at its
two sides, and the other is at bin 171, 74.1 dB high, with about
49 dB lobes at its two sides. The result indicates this scheme
acquires 19.3 dB SCR output with the weak target and 27.1
dB SCR output with the non-weak target; this is a maximized,
much better clutter suppression than (a). Why? In this scheme,
when a target is present, the range bins in front of the target
contain the clutter only. So, the SBLF coefficient estimates in
the range bins are dominated by the clutter, and the SBLF
filters out only the clutter; the PC output impulse of the
non-weak target is 25 dB higher than that of the weak target.
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2.2.2. Comparison in Heterogeneous Clutter
For the experiment in heterogeneous clutter, we generate

the sea clutter, which is of Ps 20 dB, Fs 12 Hz, Ds 48 Hz, the
rain clutter, varying Pw from 10 dB to 25 dB, Fw 240 Hz,
Dw 48 Hz, and the weak target, Pt1 5 dB, non-weak target, 15

dB, in regions from bins 61 to 123 and bins 171 to 233 indi-
vidually. Stagger PRIs are 1.44, 1.29, 1.25, 1.34, 1.39, 1.49,
1.53 ms, the corresponding code 30 27 26 28 29 31 32. Na ,
the average PRI, blind-speed extension, and stagger ratio are
the same as those in the homogeneous case. The phase-code
PC and adaptive filtering are also the same as those.

Figure 1. Performances of two schemes of the MTIprocessor in a homogeneous clutter.

Figure 2 shows the performances of the MTI processor
with the two schemes in the heterogeneous clutter. Figure 2
(a) results from the scheme of the PC ahead of the SBLF; the
black, blue, and red curves represent PC input, PC output,
and SBLF output, respectively. The input clutter submerges
both weak and non-weak targets because the clutter power is
much higher than the targets’ powers. The PC output shows
only one target impulse at bin 171, 51.5 dB high; the SBLF
output reveals one target impulse at bin 61, 42.2 dB high,
with about 38.9 dB lobes at its two sides, and the other target
impulse at bin 171, 54.2 dB high, with about 38 dB lobes at
its two sides. The result indicates that this scheme acquires

3.3 dB and 16.2 dB SCR output with the weak and non-weak
targets, respectively. In fact, the weak target impulse is al-
most submerged in the nearby output. The result further in-
dicates that this scheme does not perform good clutter sup-
pression. Why? The answer is the same as that of Figure 1
(a).
Figure 2 (b) results from the other scheme of the PC be-

hind the SBLF; the black, blue, and red curves represent the
SBLF input, SBLF output, and PC output, respectively. The
input signal submerges both weak and non-weak targets. The
SBLF output reveals only one irregular target terrace in the
region of bins 171 to 233, about 28 dB high; the PC output
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reveals two target impulses: one is at bin 61, 51.1 dB high,
with about 38 dB lobes at its two sides; the other is at bin
171, 61.8 dB high, with about 41 dB lobes at its two sides.
The result indicates that this scheme acquires 13.1 dB SCR
output with the weak target and 20.8 dB SCR output with the
non-weak target. This result further indicates that this
scheme provides a maximized, much better clutter suppres-
sion than (a). Why? The answer is the same as that of Figure
1 (b).
We summarize that 1) when an MTI filter is designed well

in advance, such as the traditional canceller or weight-base
(ROM) filter, the overall performance is independent of the
placement order of the MTI filter and pulse compression; 2)
when an MTI filtering is adaptive, specifically, its weights
are calculated in real-time, the overall performance depends
on the placement order of the MTI filtering and pulse com-
pression, and a much better SCR improvement is achieved if
the pulse compression is placed behind the adaptive filtering.
Thus, in the later experiments, the adaptive filtering is placed
ahead of the pulse compression.

Figure 2. Performances of two schemes of the MTIprocessor in a heterogeneous clutter.

3. Prior Knowledge for the Intelligent
MTI Processor
The so-called knowledge means radar professionals’

knowledge. The following knowledge is basic for the intelli-

gent MTI Processor.

3.1. Reasoning Construction of the Adaptive
SBLF

Aircraft and missile returns (targets) or land, sea, and
weather returns (clutters) from echoed coherent pulses emit-
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ted by an MTI radar are autocorrelated over adjacent azimuth
data, but the Doppler frequencies of the two-class returns are
different. This builds the foundation of an MTI processing.
Advent of high-speed missile and stealth aircraft for elec-
tronic countermeasures leads to the radar technology upgrade.
Generally, a target’s radar-cross-section (RCS) is small and
its return power is weak while a clutter return has a very
large RCS and submerges the target. Thus, the MTI pro-
cessing focuses on strong clutter suppression and weak target
acquisition, and incorporates the adaptive filtering, stagger
PRI, and large time-width PC technologies. Theoretically,
the optimal filter algorithm can reach a maximized im-
provement factor of 50 dB or larger [6, 16]. In practice, such
a performance is compromised due to clutter heterogeneity
and multi-technology involution. For example, to prevent the
target from being filtered out, the adaptive filtering has to
estimate the coefficients in data of a block where no target is
present, referred to as training data [ 18]. The crucial problem
is how we can realize them. Thus, the first operation for this
processor to perform is not numerical computation like
“y=F(x)” but rather a reasoning operation like “if-then”, spe-
cifically, learning, analyzing, identification, examination,

decision, and memorizing. As soon as the training block is
recognized, the adaptive filter coefficients are calculated
with no target presence, then are used to filter the next block
data. This way is the common delaying-and-filtering or de-
lay-filtering.
In the experiments below, one data array is segmented into

multiple blocks. One block is composed of data x ,
length of the block bins and number of the azimuth data,
and =7 in this whole paper. When a burst of blocks enters
the processor, several blocks carry out the SBLF operation
together with relevant intelligent operations and are called the
reasoning center. Figure 3 shows the center composed of five
blocks, which are called as Estimate, Test, Test I, Test II, and
Test III blocks in turn. Estimate block before Test block is
used to estimate SBLF coefficients when the training data are
recognized inside; Test I, Test II, and Test III blocks after Test
block are used for filtering-self for setting-up the detection
threshold, and delay-filtering for identifying the PC target
terrace. The Test block is used to filter, identify, and declare
the resulting information data, and send out them into the
clutter- map. This processing is repeated as the sequential
block data enter.

Figure 3. Reasoning center of the adaptive SBLFprocessor.

3.2. Performance Behaviors of Two Filtering
Modes

Now we make an experiment with two different filtering
modes. A two-clutter plus two-target return array of240 range
bins x 7 azimuth data is segmented into 12 blocks of length 20
bins; 5 dB and 30 dB PC targets are placed in bins 41 and 151,
respectively. When adjacent blocks’ data enter the reasoning
center of Figure 3, 1) data of each block ofEstimate, Test, and
Test I are used to estimate SBLF coefficients, which are used
to filter their individual block data; this mode is called esti-
mating-and filtering-self or filtering-self for short; 2) the
SBLF coefficients are calculated with Estimate block data and
are used to filter Test block data; this mode is called
block-delay filtering. For PC target return, its data are present
in several blocks, then the data of Test, Test I, Test II, and
potential Test III blocks are filtered with the same SBLF co-
efficients of Estimate block; this mode is called terrace-delay

filtering. Figure 4 shows the test results from the SBLF pro-
cessing, and the two modes perform their individual behaviors.
The parameters of the land plus cloud clutters are: Pg 60 dB,
Fg 12 Hz, Dg 7.2 Hz plus Pw 10 dB, Fw 240 Hz, Dw 58 Hz,
respectively, and the other parameters are listed at the top of
Figure 4. The white noise power is normalized to 0 dB. The
black curve represents the power of SBLF input, fluctuating
around 60 dB. The blue curve represents the power of SBLF
output in filtering-self mode, fluctuating around 13 dB, which
does not reveal any target cue. The red curve represents the
output power of SBLF output in terrace-delay filtering mode,
two PC target terraces appear in place and each length is 63
bins; one is the irregular terrace, about 22 dB high, from bins
41 to 103, and the other is the regular terrace, about 45 dB
high from bins 151 to 213, the clutter at both sides of the
terraces is fluctuating around 17 dB. There is no data from
bins 1 to 20 due to no filtering. These test results indicate that
for a PC target, the terrace-delay filtering mode provides
remarkable cues. This is one key prior knowledge of the in-
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telligent processing.

Figure 4. Performance behaviors of two filtering modes of the MTIprocessor in a homogeneous clutter.

3.3. Adaptive Detection Threshold and
Target-terrace Identification

From the blue curve in Figure 4, no matter the targets are 5
dB weak or 30 dB non-weak, the filtering-self output of the
SBLF has no target cue and is relatively stable; theoretically,
the output is noise plus the residual clutter/target, relatively
stable. Utilizing this filtering behavior, we can use the filter-
ing-self output to set up target detection thresholds in homo-
geneous and heterogeneous clutters. When comparing the
blue curve with the red SBLF output, the processor easily
determines whether a target is present in Test block. In the
case of a PC target, if the average output of each of the Test,
Test I, Test II, and potential Test III blocks exceeds a threshold
determined by the filtering-self outputs, a PC target in the
blocks is acquired; this is a simple reasoning in adaptive
clutter suppression but its effectiveness is quite remarkable.
So, it is a great finding of setting up an adaptive threshold with
the filtering-self outputs, and the adaptivity also increases
detection sensitivity, i.e., beneficial to weak target acquisition.
Specifically, we take the average of filtering-self output
magnitudes OE , OT, and OTI of the Estimate, Test, and Test I
blocks as

TD= (OE+OT+OTI)/3, (5)

and call the average value TD the output threshold to detect a
target. Additionally, a threshold factor FT , from 1.5 to 2.5, is
also selected to control the detection sensitivity. The product
of TD multiplied by FT , TDa= FTTD , is called the adaptive
threshold. Later, we use TDa to detect targets in the homo-
geneous clutter. When a PC target is present, usually the target
terrace on SBLF output appears in several adjacent blocks,

e.g., Test, Test I, Test II, and potential Test III; however, when
the target signal is corrupted much or in a heterogeneous
clutter, the terrace may be irregular, even hidden. Additionally,
as long as the target is declared in Test block, the block data
cannot be training data, and the SBLF coefficients from Es-
timate block are maintained until the target-terrace declaration
ends.
In the case of heterogeneous clutter, since statistics of the

clutter are unstable, formulas (5) of the output threshold may
be modified and the block length (average number of esti-
mates) needs to be increased to obtain stabler SBLF coeffi-
cients.

3.4. Multiple Stagger PRIs

This SBLF is compatible with the stagger PRI, which
makes the frequency/speed response period extended by many
times longer than that frequency period ofthe low UPRI, then
the MTI overcomes the speed-ambiguity disadvantage. For
example, for an S-band radar of 3 GHz, assume that an aircraft
speed is Mach 1, then its Doppler frequency is at highest 6.86
kHz. If a uniform PRF (UPRF) is 720 Hz, there are 9.53 am-
biguous speeds within Mach 1. However, when the stagger
PRI is designed to be of average PRI, 1/720 s, and its stagger
code is from seven integers, 26, 27, 28, 29, 30, 31, and 32, the
frequency period extension is 29, and the corresponding
stagger PRIs are 1.25, 1.29, 1.34, 1.39, 1.44, 1.49, and 1.53 ms.
In order to get the shallowest notches, the seven integers need
to be rearranged by the mathematical programming [ 19]. As a
result, the rearranged integers 27 26 31 29 30 28 32 are called
the stagger code, which has the stagger PRIs 1.29, 1.25, 1.49,
1.39, 1.44, 1.34, 1.53 ms, and the deepest notch is 0.97 dB
within 5 times the UPRF. The SCR improvement ofthe SBLF
is still impacted when the Doppler frequency drops into a
notch. If the average SCR improvement factor of the SBLF is
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53 dB and the notch depth is −5 dB, the improvement with a
target dropping into the notch will be 48 dB only; this is im-
possible to acquire a weak target in a strong clutter. So, it is
necessary to check the notches of the real-time SBLF after the
coefficients are calculated, although the real-time frequency
response is close to the analytic one when an enough large
average number of estimating the coefficients is selected.
In non-real-time MTI processing, the given frequency re-

sponse notches are determined by analytic calculation, e.g.,
the conventional canceller notches, and they are not optimized
for application. In state-of-the-art adaptive processing, the
coefficients and notches are both calculated in real-time in-
stead of analytically. For example, we utilize two-class clut-
ters and their parameters are: one, Pg 55 dB, Fg 12 Hz, Dg
7.2 Hz, plus Pw 20 dB, Fw 240 Hz, Dw 58 Hz; the other, Ps
30 dB, Fs 24 Hz, Ds 48 Hz plus Pw 40 dB, Fw 240 Hz, Dw
48 Hz. When the stagger PRI periods are designed, we use the
different blind-frequency response criteria. 1) The UPRI,
1/720 s, is for comparison and its period code is 29 29 29 29
29 29 29; 2) one stagger PRI has the shallowest notch within
5 times the UPRF and the stagger code is 27 26 31 29 30 28 32;
3) the other stagger PRI has the shallowest notch from 5 to 12

times the UPRF and the code is 30 27 26 28 29 31 32; 4) the
stagger PRI of the real-time filtering is the same as that in 2)
and a large average number, 30 bins, of SBLF coefficients
estimates is used. Figure 5 shows their frequency responses
within a frequency range up to 8.64 kHz, equivalent to a flight
of Mach 1.26; they are denoted by black, green, blue, and red
curves, respectively. We observe that the UPRI performs
badly with twelve deep notches, lower than −30 dB at multi-
ples of the UPRF; we cannot acquire any target dropping into
such a notch, even if it is non-weak, e.g., 30 dB; the first
stagger PRI has the deepest notch of 0.97 dB at 4.9 kHz, much
shallower than the notches behind 5 UPRF; the second stagger
PRI has the deepest notch of 0.6 dB at 8.1 kHz, much shal-
lower than notches in front of 5 UPRF; the real-time stagger
PRI has the deepest notch of 1.57 dB at 1.3 kHz, with much
shallower notches behind 5 UPRF. The three stagger PRIs
perform with much shallower notches than the UPRI does, so
they can really alleviate improvement factor loss. The notches
of real-time coefficients are similar to those of the analytic
coefficients. Thus, in practical operation, providing multiple
different conditionally-optimized stagger PRIs and checking
the notches can improve the acquisition of weak target.

Figure 5. Blind Doppler-frequency responses of the SBLFprocessor with uniform and stagger PRIs.

4. Strategies of Multi-technology MTI
Processor
In the multi-technology MTI processor, the adaptive fil-

tering, pulse compression, and stagger PRI operate together;
furthermore, the clutter returns may be heterogeneous because
the environment is actually a combination of discrete, varying
territories. So, how all the collected prior knowledge is ap-
plied to the processor refers to specific reasoning operations.
For example, in the entire processing, when the SBLF needs
to be enabled, how the processor realizes the training block,
how the target block is identified, how the PC target terrace is

declared, etc. are related to specific strategies. Under the
prerequisites: 1) involvement with the SBLF and phase-coded
PC, 2) the two-dimensional return arrays of range x azimuth,
3) the clutter backgrounds of mountain, clouds, sea, and rain,
4) the SBLF placed ahead of PC, we propose five heuristic
strategies as follows.

4.1. Non-clutter Input Decision and Adaptive
Threshold Set-up

This strategy works in Test block first. When the input
power is lower than 10 dB, the input is regarded as non-clutter
input. The SBLF is disabled in Test block and the input data
directly enters the pulse compressor. It is possible that a target
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is present in the low-level input. However, 1) if the SBLF is
enabled, it may lead to an SCR loss due to frequency response
notches; 2) generally, the target-viewable factor is SCR 8 dB
at the screen display and the value can be reached when the
PC is enabled.
Secondly, given a complex input ( , l), n ∈ {0, 1, ⋯,
−1}, number of azimuth data and l ∈ {1, 2, ⋯, },
length of a block (number of bins); { }, the CPI time of a

range gate, are stagger. After filtering-self in Estimate, Test,
and Test I blocks, the outputs ( , l) of the blocks are used
to set up a detection threshold. The output magnitude average
of Test block can be calculated by

OT=∑ 1∑
1 [ ( , ) y∗c ( , )]1/2/ / . (6)

After three-block averaged magnitudes OE , OT , and OTI
are obtained from (6), we average them again in terms of (5).
Then the output threshold TD and adaptive threshold TDa are
obtained. In heterogeneous clutter, using (5) to set up the
detection threshold is still effective because the environment
can be locally homogeneous; plus, a larger average number of
the SBLF coefficient estimate may be required, e.g., =30.
The threshold factor, FT , is selected to be alternative and the
detection sensitivity may drop, but the false alarm rate can be
controlled. In fact, in an entire antenna scan, the FT has to be
assigned as multiple different values, depending on the clutter
distribution of the radar site.

4.2. PC Target-terrace Identification and
Declaration

This strategy works in five blocks: Estimate, Test, Test I,
Test II, and potential Test III of Figure 1. When the SBLF
suppresses a clutter and detects a target, the SBLF coefficients
have to characterize the clutter only; otherwise, the SBLF can
filter out both clutter and target. At the SBLF input end, the
weak target is often submerged and is no way recognized;
however, after delay-filtering, the powers of the target and
clutter are changed inversely and the target is easily identified.
From the experiment in Figure 4, we know that the
block-delay filtering output reveals the target cues; when we
use the coefficients from Estimate block with training data to
filter the data of Test block, if a step-like waveform appears at
its output, the block is called the target block and its index is
set as 1; inversely, the block without a step-like output is
called the clutter block and its index is set as 0. When the
adjacent blocks, Test, Test I, Test II, and potential Test III are
the target blocks, the combined step-like waveforms look like
a terrace, called the target terrace. In machine learning, the
processor compares the output averages of three or four
blocks with the adaptive threshold and records the indices.
From Figure 4, we also observe that when the weak target of5
dB is present, the terrace waveform is irregular due to clutter
corruption, but when the non-weak target of 30 dB is present,
the target terrace is regular. For example of identifying the

target-terrace, in the case of a 63 bits phase-code PC, when the
sum, Nai , of the adjacent blocks’ indices is equal to or close to
Mod ( / ) +1, PC length, the PC target presence is a
large probability and the target terrace is declared, its index is
set as 1. When Nai is one or two, the PC target presence is a
small probability and the index is set as 0. After the target
terrace is declared, the block following the terrace block is
regarded as a Guard block (where a target is probably present)
and its data do not enter Estimate block. This strategy is re-
liable in a homogeneous clutter due to stable statistics.
In a heterogeneous clutter, a strong clutter in a block may

severely corrupt a target inside, or there may be a much higher
level than clutters in neighboring blocks. Then, the target may
be missing, or the clutter may be declared as a target.

4.3. Estimation of SBLF Coefficients

The SBLF is a class of real-time adaptive filtering, in-
cluding estimating and filtering; plus, it has a low computa-
tion load and low sensitivity of operation word-length. For the
details of SBLF structure, design, and optimization, see ref-
erence [ 16] and Section 5.1.1 below. With Estimate block, we
calculate the SBLF coefficients to reflect the clutter charac-
teristics of Test block. When Test block has been declared as
target index 0 or a block following the assigned Guard block,
its data are recognized as the training data and moved into
Estimate block. As long as the target index is 1 in Test block,
the block data are not the target-free data, and the current
SBLF coefficients from Estimate block are maintained until
the terrace declaration ends, i.e., is equal to 4 or 3. The

value is also regarded as the adaptive dwelling time since
they do not need calculating the SBLF coefficients.
In the case of homogeneous clutter, statistics of blocks’ data

are even. In this paper, the block length is also the average
number to estimate SBLF coefficients. The longer the block
length is, the higher the accuracy of the coefficient estimates
is, and the shallower the blind-frequency notches are. In the
case of heterogeneous clutter, the boundary transition from
non-clutter to clutter or from strong to weak levels, and the
inverse transition, has varying clutter statistics. The coeffi-
cient estimates of a longer block are relatively stable but may
not reflect the statistics of its partial data or its neighboring
blocks. According to our experiments, the block length is
selected as 20 to 30 bins.

4.4. Establishment of Clutter-map

The clutter-map is a database that stores all information
collected in the reasoning enter into the corresponding map
cell to be invoked for reasoning, specifically the following
five-class information. A point (l, ) corresponding to a
range bin x an azimuth bin of the return array forms a cell of
the clutter-map. All the stored data are updated by the rea-
soning center in the next scan.

1) The clutter levels, which are average magnitudes of the
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inputs of Test block and the outputs of filtering-self with
Estimate, Test, and Test I blocks, no matter whether a
target is present inside.

2) The detection thresholds, which contain the output
threshold and adaptive threshold from Test block.

3) The SBLF coefficients, which are calculated in Estimate
block and used in Test, Test I, Test II, and potential Test
III blocks. The parameters of the SBLF blind-frequency
notch are also stored in the corresponding map cell.

4) The target-block and -terrace indices, which are set in
Test, Test I, Test II, and potential Test III blocks after
block-delay and terrace-delay filtering, and stored in the
cells corresponding to the blocks.

5) The PC output impulse level, which is recorded when
the SCR is higher than 8 dB, and stored in the map cell.

4.5. Utilization ofMultiple Stagger PRI

This strategy requires designing multiple PRIs, whose
shallowest blind-frequency responses cover the individual
regions and which all achieve the maximized improvement
factors. For example, one stagger PRI suits detecting targets
lower than Mach 0.5, and the other stagger PRI suits targets
higher than Mach 0.5. The SBLF is compatible with the
stagger PRI technology [ 16]. As soon as the SBLF coeffi-
cients are calculated, the blind-frequency notch parameters
are also determined, see Figure 5. Even if the best stagger PRI
is designed, there are still multiple shallow notches, which
also degrade weak target acquisition. When the machine
learns and tracks, if a target is dropping into a notch of−15 dB
depth, it can make an alert and agilely assign the other stagger
PRI that has a different blind-frequency response. Then, the
Doppler frequency of the target may drop into a shallower
notch or be outside of notches, depending on the current
clutter situation. If the new notch depth is −5 dB or shallower,
the improvement factor will increase by 10 dB or larger.
In modern war, electronic countermeasures are unavoidable.

Hostile air reconnaissance always aims at a measuring radar
to steal parameters [20], including PRI; if the parameters are
intercepted, the radar is easily attacked and then destroyed.
Agile stagger PRIs can decrease the risk of being measured
and attacked [ 22-46].
Except for the above strategies, the processor also contains

a managing strategy, which is a manager to control the order
of carrying out the strategies.

5. Simulation and Performances of the
Multi-technology Processor

5.1. Simulation Method

In order to examine the effectiveness of the mul-
ti-technology MTI processor, we select several clutter models
reflecting S-band ship-borne radar environments [2, 7, 21]

and make simulation experiments [4]. The generated clutters
have two models: one is forested mountain plus windblown
clouds, representing homogeneous strong clutter, and the
other is surging sea plus heavy rain, representing heteroge-
neous severe clutter [2]. Two weak targets of high speeds are
selected and their Doppler parameters are listed at the tops of
Figures 8 and 9. Two codes for stagger PRIs are optimized
under the individual blind-frequency conditions. The stagger
code 27 26 31 29 30 28 32 for the homogeneous clutter has the
best blind-frequency response within 5 times the UPRF (720
Hz). The other stagger code 30 27 26 28 29 31 32 for the
heterogeneous clutter has the best blind-frequency response
from 5 to 12 times the UPRF. Their stagger ratio is 1.23 and
positive/negative blind-speed extension is 14.5. For the
method of searching the best stagger code, see [ 19]. The
generated return arrays have 240 range bins x 7 azimuth data.
The adaptive threshold is calculated in terms of (5). White
noise power is normalized to one, i.e., 0 dB.

5.1.1. Stagger-PRI Adaptive Filtering

The adaptive filtering for the MTI processor is required to
operate in real-time and be compatible with stagger PRI, so,
we select the SBLF algorithm [ 16 ], which calculates the co-
efficients using block data of range x azimuth from the stag-
ger-PRI returns and achieves the optimal improvement factor
as the lattice predictor of UPRI does. Figure 6 shows an
M-order SBLF structure. Rfm( ) and Rbm( ), n ∈ {1, 2, ⋯,
M}, are the forward and backward reflection coefficients,
respectively, of the mth (1 to M) stage, at tn , observation time;
T (tn) is delay time of the mth stage, and ebm(tn) and
efm(tn) are the backward and forward prediction errors, re-
spectively, of the mth stage. In order to be compatible with
stagger-PRI, the reflection coefficients of the lattice predictor
must be time-variant with tn . A staggered lattice predictor of
order M has ∑M forward and backward reflection coefficients,
∑M sum of the integers 1, 2, ⋯, M. In comparison, the coef-
ficients of a UPRI lattice predictor are time-invariant; the
UPRI lattice predictor of order M has M forward and back-
ward reflection coefficients.

Figure 6. A stagger-period lattice predicter of order M.
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( )= 2 2 , m ∈ {1, 2, ⋯, }, n ∈ {1, 2, ⋯, − 1}, (10)

Given that block data of a return array are denoted by
(tn, ), n ∈ {0, 1, ⋯ , − 1}, number of azimuth data,

l ∈ {1, 2, ⋯ , }, the block length, the mth stage pre-
diction errors at time tn are computed as

efm ( , )=efm−1 ( , )+Rfm( )ebm−1 ( −1, ), m ∈{1, 2, ⋯, n}, n ∈{1, 2, ⋯ , − 1}, (7)

ebm ( , )=ebm−1 ( −1, )+Rbm( )efm−1( , ), m ∈{1, 2, ⋯, n}, n ∈{1, 2, ⋯, − 1}, (8)

( , )= ( , )= ( , ), n ∈{0, 1, 2, ⋯, − 1}, l ∈{1, 2, ⋯ , }. (9)

In practical computation, we use time average estimation of the reflection coefficients to substitute for the ensemble mean,
i.e., Rbm(tn) and Rfm(tn) of the staggered block lattice are estimated by

−∑ 1 −1 ( ; ) −1 ( −1; )

∑ 1 [(1− )| −1 ( ; ) | + | −1 ( −1; ) | ]

( )=
∑ 1 [ | −1( ; )|

2
+(1− )| −1( −1; )|

2
]
, m ∈ {1, 2, ⋯, }, n ∈ {1, 2, ⋯, − 1}, (11)

where α is the balance factor, taking a value from 0.5 to 1.
The larger the α is, the faster the convergence of estimates
(10) and (11) is; we take 0.99 in all the experiments.

5.1.2. Phase-code Pulse Compression
The large time-width PC technology is involved; its com-

patibility with the SBLF is not an issue when it is placed
behind the SBLF, see Section 2. Although the entire PC pulse
has a large time width, each sub-pulse of it has a narrow
time-width, called an element. The complex envelope of the
phase-code waveform is expressed as

xp (τ)= ∑ c
1 ( ) Rect[ ], 0≤τ≤ Δ, (12)

where is a complex constant; ( ), i ∈ {1, 2, ⋯, }, is
the code element, the code length; Δ is the sub-pulse
width, which determines range resolution, and Rect [] is a
rectangle function. The selected phase-code waveform is a
minimum sidelobe bi-phase code, whose hexadecimal format
is 04CF5A2471657C6F, with a peak sidelobe of 4 (-23.9 dB)
[ 15]. Figure 7 shows the autocorrelation function of the
phase code. When matched-filtering, the compression filter,
i.e., this code, matches the target return and does not match
the clutter return, and outputs a main lobe of 63. The target
enhancement is 36 dB and the clutter is magnified by about
18 dB.

Figure 7. Autocorrelation of a minimum sidelobephase code of length 63.

− ∑ 1 −1 ( ; ) −1 ( −1; )
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5.2. Experiment in Homogeneous Clutter

The simulation experiment examines weak target acquisi-
tion in the homogeneous strong clutter. The forested mountain
clutter is of Pg 60 dB, Fg 12 Hz, Dg 7.2 Hz, plus the moving
cloud clutter, Pw 10 dB, Fw 240 Hz, Dw 58 Hz. Two weak
targets have SCRs −55 dB and −50 dB individually, and the
radial speed, Mach 0.54. The return array is segmented into 12
blocks of length 20 bins; the target-terrace declaration is with
Nai=3 or 4. The adaptive threshold factor is FT=1.85. Figure 8
shows target acquisition of the MTI processor. The input clutter
curve, black, completely submerges the targets. The SBLF
output curve, blue, reveals irregular and regular PC tar-
get-terraces, indicating that the clutter has been filtered out,
which are of length 63 bins, from 61 to 123, about 20 dB height,
and from 171 to 233, about 24 dB height, respectively; the
clutter at both sides of the terraces is fluctuating around 15 dB,
then the clutter is suppressed by about 45 dB. On the PC output
curve, red, two target impulses appear in place, about 52.9 dB
and 58.7 dB high, respectively. The residual clutter at both sides
of the impulses is fluctuating around 35 dB, thus, the tar-
get-to-clutter ratios of the PC output are about 17.9 dB and 23.7
dB individually, and such target dots will be clearly visible on
the radar screen display. The excellent performance of the MTI
processor in the homogeneous clutter results from three aspects:
the real-time SBLF reaches optimal improvement factor, the
target Doppler frequency does not drop into a blind-frequency
notch, and the heuristic strategies effectively control the rea-
soning operations.

5.3. Experiment in Heterogeneous Clutter

For the simulation experiment in heterogeneous clutter, we
generate alternative clutter return: the surging sea clutter is of

Ps 35 dB, Fs 24 Hz, Ds 48 Hz, and the heavy rain clutter is of
varying Pw from 20 dB to 45 dB, Fw 240 Hz, Dw 48 Hz.
Varying power is a common nature of heterogeneous clutter.
Two weak targets have about SCRs −30 dB and −35 dB indi-
vidually and the radial speed, Mach 1.24. The return array is
segmented into 8 blocks of length 30 bins; the target- terrace
declaration is with Nai=2 or 3. The adaptive threshold factor
FT=1.6. Figure 9 shows the target acquisition of the MTI pro-
cessor. We observe that the input power curve, black, is fluctu-
ating around from 35 dB to 45 dB due to the mix of two
sub-clutters, and submerges the two targets. The SBLF output
curve, blue, hides two irregular target-terraces, one from bins
61 to 123, fluctuating around 28 dB, and the other from bins
171 to 233, fluctuating around 35 dB; the clutter at both sides
of the terraces is fluctuating around the same level, and the
input clutter is suppressed by about only 10 dB due to the se-
vere wide-band clutter. The PC output curve, red, reveals two
target impulses in place, about 58 dB and 60.7 dB high indi-
vidually; the residual clutter at both sides of the impulses is
fluctuating around 49 dB and 53 dB, respectively. Thus, the
target-to-clutter ratios are about 9 dB and 7.7 dB, and such
target dots can also be visible on the radar screen display. Note:
the two PC terraces are much corrupted, but the processor still
identifies the hidden target terrace with the Nai=3. In the severe
heterogeneous clutter plus the weak targets, the processor still
acquires the weak targets, although the result is not quite sat-
isfactory; through examining, the SBLF coefficients achieve
optimal improvement factor and the target Doppler frequency
does not drop into the blind-frequency notch; the severe rain
clutter has varying power and wide frequency band, but its max
power is 45 dB, not very strong.
In a practical MTI radar, involvement of the new technolo-

gies will create a larger challenge than what we face here; this
requires us to dig out more prior knowledge to improve them.

Figure 8. Weak target acquisition of the MTIprocessor in strong mountain clutterplus moving cloud clutter.
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Figure 9. Weak target acquisition of the MTIprocessor in sea clutterplus varying rain clutter.

6. Conclusion
The real-time SBLF is the core of the clutter suppression

algorithm and the reasoning center is the core of the intelligent
operation; the combination of both comprises a foundation of
the intelligent multi-technology MTI processor. Through
many experiments on target acquisition in the homogeneous
and heterogeneous clutters, the processor without artificial
intelligence is verified to not meet the performance require-
ments of a today’s MTI radar, and the approach of using only
optimized algorithm has become outdated.

1) In a conventional MTI processor, the PC is always
placed ahead of MTI filtering. Since the MTI cancel-
ler/filter is a linear operation over azimuth data and the
PC is a linear operation along range bins, the overall
performance of both technologies is independent of their
placement order. We give a mathematical deduction to
prove this point. However, in a state-of-the-art MTI ra-
dar, the MTI filtering can be adaptive and its weight
coefficients are calculated in real-time. In this case, we
reinvestigate the placement order. For adaptive filtering,
the training data neighboring the target block need to be
ascertained. If the PC is placed ahead, its output forms a
target main lobe and quite wide range sidelobes around
it; we can hardly find the target-free data to calculate the
coefficients. Conversely, if the adaptive filtering is
placed ahead, the data neighboring are not corrupted by
a target and the estimated coefficients will filter out the
clutter only. Our deduction and experiments affirm that
in the case of adaptive filtering, the overall performance
of both technologies is related to the placement order; it
is much better when the adaptive filtering is placed
ahead of the PC.

2) An early MTI processor only utilized an arithmetic
computation but a today’s MTI processor involves mul-

tiple advanced technologies, such as adaptive filtering,
large time-wide PC, etc. In order to combine the de-
lay-filtering mode of adaptive filtering with large
time-width PC, the reasoning center of the intelligent
operation of five data blocks is proposed. The filter-
ing-self outputs of data blocks are suitable to set up a
detection threshold. Since the valid placement order is
the adaptive filtering ahead of the PC and the SBLF is
employed, a novel reasoning rule to identify PC target
terrace is proposed and refers to the PC time-width;
when three or four adjacent target blocks are declared,
the PC target-terrace presence is a large probability. For
large blind-speed expanding, e.g., 30, it is impossible
for the blind-frequency response to have very shallow
notches. We propose partial-region-optimized
blind-frequency responses, which have the shallowest
notches in low-speed or middle-speed or high-speed
flight regions, and by the cooperation of multiple stag-
ger PRIs, the entire extended frequency response per-
forms the shallowest notch.

3) Through many simulation experiments, we propose five
heuristic strategies for the MTI processor. 1) Non-clutter
input decision and adaptive threshold set-up, which de-
cides if Test block input is weak enough to disable SBLF
and to enter PC directly; the filtering-self outputs of
several blocks are used to set up the detection threshold.
2) PC target-terrace identification and declaration,
which creates the rule for identifying a target block, de-
claring PC target-terrace, and setting PC target-terrace
index. 3) SBLF coefficient estimation, which calculates
the SBLF coefficients in real-time in Estimate block and
loads them to Test block. 4) Establishment of clut-
ter-map, which stores the adaptive thresholds, target
block indices, target-terrace indices, PC output impulse
levels, and parameters of blind-frequency notches into
the corresponding clutter-map cells. 5) Utilization of
multiple stagger PRIs, which employs multiple stag-

http://www.sciencepg.com/journal/ijics
http://www.sciencepg.com/journal/ijics


International Journal of Information and Communication Sciences http://www.sciencepg.com/journal/ijics

70

ger-PRIs and examines their responses to prevent the
target from dropping into a deep notch. The max posi-
tive/negative blind-speed extension of the stagger PRIs
is 14.5.

4) In our virification experiments, the strong and severe
clutters are selected to reflect forested mountain plus
windblown clouds and surging sea plus varying heavy
rain, respectively. The stagger PRIs for the two-class
clutters are the best for individual blind-speed responses.
The SBLF and minimum sidelobe 63-bit phase-code PC
are involved. The return arrays of 240 range bins x 7
azimuth data are segmented into 12 and 8 blocks for the
individual experiments. Five heuristic strategies are ap-
plied. In the strong clutter plus weak targets of SCRs
−50 dB, −55 dB, the SBLF output illustrates regular
target-terraces, and two target impulses appear at the PC
output, having SCRs 17.9 dB and 23.7 dB, respectively.
Such excellent performance cannot be reached without
the intelligent operations. In the severe clutter plus weak
targets of SCRs −30 dB, −35 dB, the SBLF output hides
irregular target-terraces but the PC output exhibits the
target impulses in place, having SCRs 9 dB and 7.7 dB,
respectively. The target acquisitions of such SCRs are
maximized but not satisfactory yet. Thus, it is necessary
for us to continue researching the weak target acquisi-
tion under the severe heterogeneous condition.

Abbreviations
CPI Coherent Processing Interval
MTI Moving Target Indication
PC Pulse Compression
PRF Pulse Repetition Frequency
PRI Pulse Repetition Interval
RCS Radar-cross-section
SBLF Stagger-block-lattice-filtering
SCR Signal-to-clutter ratio
UPRF Uniform PRF
UPRI Uniform PRI
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