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Abstract—This paper presents a novel adaptive compressed
sensing based joint detection and tracking algorithm (ACS-JDT
algorithm) for airborne radars with high resolution. By exploiting
the sparsity of targets in the measurement space, the adaptive
compressed sensing algorithm (ACS algorithm) reconstructs the
whole radar scenario (direction of arrival (DOA)-Doppler plane)
for each range gate during one scan. As a result, a three-
dimensional measurement space (range-DOA-Doppler space) is
built during multiple consecutive scans. A joint detection and
tracking algorithm is then performed for tracking multiple
targets in the measurement space. The ACS algorithm together
with the joint detection and tracking procedures, can effectively
distinguish true targets from clutter based on information from
multiple scans.

I. INTRODUCTION

State-of-the-art tracking strategies encounter the high com-
putational problem when the number of sensor resolution
elements is large. High resolution radar detection and clas-
sification of targets requires transmission of wide bandwidth
during a short observation time, which demands for expensive
hardware system. Recently, compressed sensing has been pro-
posed to alleviate these problems. Compressed sensing exploits
the sparsity or compressibility of a signal to reduce both the
sampling rate and the amount of data generated. In many radar
applications, the prerequisite on the signal sparsity is often met,
as the number of targets is typically much smaller than the
number of resolution cells in the illuminated area or volume.

Compressed sensing based radar systems always achieve
better target resolution than classical radar systems. It is proved
in [1] that the resolution limit of the compressed sensing
radar is 1/Ngrid for fixed duration T and fixed bandwidth
B, where Ngrid is the number of grids. However, increasing
the resolution of the radar system will lead to finer gridding,
which will increase the correlation between the columns of the
sensing matrix. The sensing matrix is with high coherence,
which can not guarantee a perfect reconstruction with large
probability. Finer gridding also results in higher computational
complexity and numerical instability.

Recently, a number of approaches have been proposed to
tackle the issues arising from finer gridding. A novel algorithm
based on the continuous parameter space is proposed in [2],

which is formed as the solution to an atomic norm minimiza-
tion problem shown to be equivalent to a semidefinite program.
However, it yields an infinite dictionary of continuous atoms
and arbitrarily high coherence. In [3], several algorithms based
on techniques of band exclusion (BE) and local optimization
(LO) are proposed to deal with the sensing matrices with high
coherence due to finer gridding. Under appropriate conditions,
it is proved that the proposed algorithms can reconstruct sparse,
widely separated objects independent of the grid spacing. The
proposed algorithms are with high computational complexity
since the finer gridding procedures are carried out on all
grids. In [4], finer gridding is performed via a computationally
efficient multi-stage Monte Carlo sampling approach, which
identifies possible signal support point subsets and then sam-
ples over the smaller subsets to estimate signal support points
and magnitudes.

In this paper, a novel ACS algorithm is proposed to tackle
the high coherence problem as well as high computational
complexity due to finer gridding. First, the proposed algorithm
builds a similar compact sensing matrix, which represents the
characteristics of the original sensing matrix and can be seen
an image of the original sensing matrix with low resolution.
It is proved that the similar compact sensing matrix is with
low coherence, which guarantees a perfect reconstruction of
the sparse vector with a large probability. An orthogonal
matching pursuit (OMP) algorithm is then used to find a rough
estimate of the true support set based on the similar compact
sensing matrix and the measurement vector. The estimated
support set indicates the rough positions of K significant
elements. Finally, the finer gridding procedure is carried out
only around the K significant elements, which largely reduces
the computational complexity compared with the classic finer
discretization algorithms that take place on all the grids [3].

We further propose an ACS-JDT algorithm to track mul-
tiple targets. By exploiting the sparsity of targets in the
measurement space, the ACS algorithm reconstructs the whole
radar scenario (DOA-Doppler plane) for each range gate with
fewer measurements during one scan. As a result, a three-
dimensional measurement space (range-DOA-Doppler space)
is built during multiple scans, where joint detection and track-
ing is performed. The proposed algorithm detects and tracks



multiple targets in the measurement space, which avoids the
nonlinear problem and the curse of dimensionality problem.

The paper is organized as follows: Section II introduces
a discrete-time signal model for a typical space-time scenario
for airborne radars. The proposed ACS algorithm is introduced
in Section III, and the ACS-JDT algorithm is introduced in
Section IV. The simulation results are listed in Section V, and
the paper is summarized in Section VI.

II. A GENERAL SPACE TIME MODEL AND ITS SPARSE

REPRESENTATION

This section introduces a discrete-time signal model for a
typical spacial-time scenario. Without loss of generality, let us
consider a radar system equipped with a uniform linear array of
N identical sensors with inter-element spacing d. The steered
array scans the surveillance area M times before deciding
whether or not a target is present. During the mth scan the
following train of Npulse pulses is transmitted [5]

ℜe{Aejϕ

Npulse
∑

k=1

p(t − (k − 1)T − (m − 1)∆)ej2πfct},

t ∈ [(m − 1)∆, (m − 1)∆ + NpulseT ], (1)

where ℜe{z} indicates the real part of the complex number
z, and A > 0 is an amplitude factor related to the transmitted
power. ϕ ∈ [0, 2π) is the initial phase of the carrier signal.
p(t) is a unit-energy rectangular pulse waveform of duration
Tp and one-sided bandwidth Wp ≈ 1/Tp. T is the pulse
repetition time, and ∆ ≥ NpulseT is the scan repetition time.
fc = c/λ is the carrier frequency, where c and λ denote
the velocity of propagation in the medium and the carrier
wavelength respectively.

We assume that Q point-like and slowly fluctuating targets
are moving within the surveillance area and in the array far
field. The radial velocity of the qth target in the mth scan is
vq

m. Neglecting compression or stretching of the time scale,
the complex envelope of the received signal at the ith sensor
and over the mth scan is given by [5],

ri
m(t) =

Q
∑

q=1

{αq
mej2π(i−1)νq

smej2πfq
m·t ·

Npulse
∑

k=1

p(t − (k − 1)T − (m − 1)∆ − τq
m)} + wi

m(t),

i = 1, · · · , N, m = 1, · · · , M, (2)

where αq
m ∈ C is a factor which accounts for Aejϕ, the

effects of the transmitting antenna gain, the radiation pattern
of the array sensors, the two-way path loss, the radar cross
section of the qth target, etc. τq

m is the round-trip delay of the
received signal for the qth target (with respect to the origin of
the reference system). f q

m is the Doppler frequency shift of the
signal backscattered by the qth target (i.e., f q

m = (2vq
m/c)fc).

νq
sm is the qth target’s spatial frequency, i.e.,

νq
sm = (d/λ) sin(θq

m), (3)

with θq
m the DOA angle of the qth target. wi

m(t) is the complex
envelope of the overall disturbance.

In order to generate the vector of the noisy returns cor-
responding to the lth range gate, l = 1, · · · , L, the received
signal ri

m(t) is sampled at

tl,m,k = tmin + (l − 1)Tp + (k − 1)T + (m − 1)∆,

k = 1, · · · , Npulse, (4)

and the time samples are grouped to form an NK-dimensional
vector as follows,

zl,m

= vec







r1
m(tl,m,1) r1

m(tl,m,2) · · · r1
m(tl,m,Npulse

)
r2
m(tl,m,1) r2

m(tl,m,2) · · · r2
m(tl,m,Npulse

)
· · · · · · · · ·

rN
m(tl,m,1) rN

m(tl,m,2) · · · rN
m(tl,m,Npulse

)







= sl,m + nl,m, (5)

where vec is the vec operator [5], sl,m and nl,m denote the
signal component and the noise component respectively.

Let tmin denote the beginning of the sampling process.
Then the round-trip delay ς l

m of the received signal at the lth

range gate of the mth scan is given by

ς l
m = tmin +(l−1)Tp, ς l

m ∈ [tmin, tmin +(L−1)Tp]. (6)

Hence, zl,m can be written as,

zl,m =

{

∑Bl
m

q=1 αq,l
m p(ς l

m)(Sq,l
T,m ⊗ Sq,l

S,m) + nl,m, Bl
m > 0,

nl,m, Bl
m = 0,

(7)
where Bl

m is the number of targets contained in the data
from the lth range gate of the mth scan, and Bl

m = 0
indicates that there are no targets at the lth range gate. We have
p(ς l

m) = 1 considering that p(t) is a unit-energy rectangular
pulse waveform, and (7) can be further reduced to

zl,m =

{

∑Bl
m

q=1 αq,l
m (Sq,l

T,m ⊗ Sq,l
S,m) + nl,m, Bl

m > 0,

nl,m, Bl
m = 0,

(8)

where Sq,l
S,m and Sq,l

T,m denote the spatial steering vector and

the Doppler filtering steering vector for the qth target at the
lth range gate respectively, and ‘⊗’ represents the Kronecker

product of two vectors. The spatial steering vector Sq,l
S,m and

the Doppler filtering steering vector Sq,l
T,m can be represented

by

Sq,l
S,m = [1, ej 2πd

λ
sin θq,l

m , · · · , ej(N−1) 2πd
λ

sin θq,l
m ]T (9)

and,

Sq,l
T,m = [1, ej2πfq,l

m ·T , · · · , ej(Npulse−1)2πfq,l
m ·T ]T . (10)

In this paper, the compressed sensing is used to reconstruct
a DOA-Doppler plane based on zl,m, the data from the lth

range gate at the mth scan. In practice, the radar system has
no knowledge of the number and locations of the targets. To
do so, the DOA-Doppler plane is divided into V × D grids,
where V and D denote the number of rows (for DOA angle)
and columns (for Doppler frequency), respectively. Each grid
is with the same size ∆θ × ∆f . The intersection of the ith

DOA angle bin and the jth Doppler frequency bin represents a
unique point (θi, fj) with a corresponding reflection coefficient
α(θi, fj). All the intersection points in the DOA-Doppler plane



are mapped into a V D × 1 vector x with the jth column
placed at the end of the (j − 1)th column. As a result, the
((i− 1) ·D + j)th element of x corresponds to point (θi, fj),
which is defined as: x((i − 1) · D + j) = α(θi, fj).

Based on the above derivation, the measurement data zl,m

can be represented in a compressed sensing framework as in
(11),

zl,m = Φxl,m + nl,m, (11)

where xl,m is defined above. Φ is an NNpulse × V D basis
dictionary as Φ = [ϕ1 ϕ2 · · · ϕV D] in columns. The ((i −
1) ·D + j)th column of Φ, which corresponds to the ((i− 1) ·
D + j)th element of xl,m, is defined as follows,

ϕ(i−1)·D+j = ST (fj) ⊗ SS(θi). (12)

Equation (11) constitutes the foundation of our proposed
method. Without loss of generality, the radar scene is assumed
to be sparse, resulting in a sparse vector xl,m. Given zl,m

and measurement noise nl,m, the sparse vector xl,m can be
reconstructed using a compressed sensing based method. For
simplicity, (11) is rewritten as a standard model in compressed
sensing,

y = Φx + e, (13)

where y, x and e denote the measurement vector, the original
sparse vector and the noise vector respectively.

III. ADAPTIVE COMPRESSED SENSING ALGORITHM

In this paper, a novel ACS algorithm is proposed to tackle
the high coherence problem as well as high computational
complexity due to finer gridding. The proposed algorithm
reduces the high coherence of the original sensing matrix by
building a similar compacted sensing matrix. It is proved that
the similar compact sensing matrix is with low coherence,
which guarantees a perfect reconstruction of the sparse vector
with a large probability. An OMP algorithm is then used to
find a rough estimate of the true support set based on the
similar compact sensing matrix and the measurement vector.
The estimated support set indicates the rough positions of K
significant elements. Finally, the finer gridding procedure is
carried out only around the K significant elements, which
largely reduces the computational complexity compared with
the classic finer discretization algorithms that take place on all
the grids.

This section introduces the proposed ACS algorithm. First,
the key component of the proposed algorithm, the similar
compact sensing matrix is introduced in Section III-A, and
then the detailed procedures of the ACS algorithm is presented
in Section III-B.

A. Construction of the Similar Compact Sensing Matrix

The construction process of the similar compact sensing
matrix is based on the similarity analysis of the original sensing
matrix. In this paper, similarity is defined as the absolute and
normalized inner product between any two different columns
of the original sensing matrix Φ,

λ(ϕi, ϕj) =
|ϕT

i ϕj |

||ϕi|| · ||ϕj ||
, 1 ≤ i, j ≤ N and i 6= j. (14)

It can be seen that coherence is the largest similarity among the
columns of a matrix. Any two columns with high similarity
are coherent with each other, and vice versa. Therefore, the
similarity can be used to distinguish the coherent columns from
the incoherent columns of the original sensing matrix.

A different way to understand similarity and coherence is
by considering the Gram matrix G which is defined as

G = Φ̃TΦ̃, (15)

where Φ̃ is the normalized sensing matrix obtained from the
original sensing matrix with each column normalized. The
off-diagonal entries in G are the similarity values defined in
(14). The coherence is the off-diagonal entry with the largest
magnitude.

A threshold T1 is set properly to distinguish the highly
coherent columns from the incoherent columns based on
similarity. For each calculated similarity value, {λ(ϕi, ϕj), i =
1, · · · , N, j = 1, · · · , N, i 6= j}, if λ(ϕi, ϕj) is greater than
T1, the columns i and j are added to the set of highly coherent
columns. The remaining columns that do not belong to the set
of highly coherent columns form the set of incoherent columns.
Fig. 1 shows the classification results in a similarity plane,
where the incoherent columns and the highly coherent columns
are indicated by black circles and black squares respectively.
In the similarity plane, the distance between any two columns
(ϕi, ϕj) is defined as the similarity distance dsimilar , which
is inversely proportional to the similarity value λ(ϕi, ϕj), as

dsimilar(ϕi, ϕj) = Ks/λ(ϕi, ϕj), (16)

where Ks is a constant. Therefore the closer the two columns
locate in the similarity plane, the more similar they are (with
larger similarity).

Fig. 1 also shows that any two highly coherent columns
may not be close to each other (coherent with each other) in the
similarity plane. The highly coherent columns are then further
divided into a set of similar column groups (indicated by large
circles in Fig. 1) to ensure that the highly coherent columns in
a similar column group are similar with each other. Moreover,
the similar column groups have the following property.

Similar column group

Highly coherent column

Incoherent column

d
similar

d
similar

d
similar

Fig. 1. Classification results in a similarity plane

Property 1: For any two similar column groups, which are
defined as Γ1 = {α1, · · · , αN} and Γ2 = {β1, · · · , βM}, the
similarity between any two columns from these two different
similar column groups, e.g. αi ∈ Γ1 and βj ∈ Γ2, is no larger
than T1, as

λ(αi, βj) ≤ T1, αi ∈ Γ1 and βj ∈ Γ2, (17)



while the similarity between any two columns in the same
similar column group (e.g. Γ1) is larger than a threshold T2,
as

λ(αi, αj) > T2, αi, αj ∈ Γ1 and i 6= j. (18)

Property 1 stipulates that any column in one specific similar
column group is highly coherent with other columns inside
the same group, while incoherent with any column outside the
group (including the highly coherent columns in other similar
column groups, and incoherent columns). This is shown in Fig.
1 that any column in one large circle (similar column group)
is very close to other columns inside the circle, while far from
any column outside the circle. Therefore, any column in one
specific similar column group represents the characteristics of
other columns in the same group. In this paper, we consider
reducing the original sensing matrix to a similar compact
sensing matrix by drawing a column from each similar column
group, while keeping the incoherent columns unchanged in the
new sensing matrix. The newly built similar compact sensing
matrix contains as much information as possible from the
original sensing matrix. Next, the construction process of the
similar compact sensing matrix is briefly introduced.

Construction of the Similar Compact Sensing Ma-
trix: The set of highly coherent columns and the set of
incoherent columns are denoted by Shc = {ι1, ι2, · · · , ιNhc}
and Sic = {ζ1, ζ2, · · · , ζNic}, respectively. Nhc is the num-
ber of highly coherent columns, and Nic is the number
of incoherent columns with Nhc + Nic = N . The set of
highly coherent columns Shc is further divided into D similar
column groups, {Γ1,Γ2, · · · ,Γi, · · · ,ΓD}. We assume that
M ≤ D < N . Each similar column group contains more
than one highly coherent columns, e.g. Γi = {γi

1, · · · , γi
N

Γi
},

where NΓi indicates the number of columns in Γi. Each
similar column group is compacted to a condensed column.
Here we just select a column from each similar column
group randomly considering that the columns in one group
are highly coherent and very similar to each other. Finally,
we obtain a similar compact sensing matrix by combin-
ing the condensed columns and the incoherent columns, as

Ψ = [γ1
C , γ2

C , · · · , γi
C , · · · , γD

C , ζ1, ζ2, · · · , ζNic ], where γi
C

denotes a condensed column from Γi. The similar compact
sensing matrix Ψ is of size M × (D + Nic). We have the
following propositions for the similar compact sensing matrix.

Proposition 1: The coherence of the similar compact
sensing matrix is less than or equal to T1.

Proof: According to Property 1, the similarity between any
two condensed columns is no larger than T1. Moreover, from
the division process of the coherent columns and the incoherent
columns, the similarity between any two incoherent columns,
or between a condensed column and a incoherent column, is
no larger than T1. As a result, the similarity between any two
columns of the similar compact sensing matrix is no larger than
T1. Therefore, the coherence of the similar compact sensing
matrix, which is the largest similarity, is less than or equal to
T1.

Proposition 2: [10], [12] Let the signal x be a K-sparse
vector and write y = Φx + e. Denote γ as the noise magnitude
(γ = ||e||2), and mr as the measurement residual in the
OMP algorithm. Suppose that K ≤ (1/µ(Φ) + 1)/4 and

ǫ ≥ γ, where ǫ is an appropriately chosen bound on the noise
magnitude. We have

x̂ = arg min
x∈RN

||x||1 subject to ||y − Φx||2 ≤ ǫ. (19)

Then the estimate x̂ in (19) has error bounded by

||x − x̂||2 ≤
γ + ǫ

√

1 − µ(Φ)(4K − 1)
, (20)

where µ(Φ) denotes the coherence of the sensing matrix Φ.
The estimate x̂ of the OMP algorithm with halting criterion
|| mr||2 ≤ γ has the error bound

||x − x̂||2 ≤
γ

√

1 − µ(Φ)(4K − 1)
, (21)

provided that γ ≤ A(1 − µ(Φ)(2K − 1))/2 for OMP, with A
being a positive lower bound on the magnitude of the nonzero
entries of x.

Proposition 3: Setting of the threshold T1. In order to
guarantee a perfect reconstruction of the sparse vector with
large probability, the threshold T1 should satisfy (22) according
to Propositions 1 and 2,

T1 ≤ 1/(4K − 1). (22)

In this paper the threshold T1 is set as T1 = 1/(4K − 1).
However, a small T1 will result in a large number of highly
coherent columns. While the restricted selection of T1 is true
from a worst-case standpoint, it turns out that the coherence as
defined previously does not do justice to the actual behavior
of sparse representations and pursuit algorithms’ performance.
Thus, if we relax our expectations and allow a small fraction
of failed reconstructions, then values which are substantially
above the bound still lead to successful compressed sensing
[13]. In this work, the threshold T1 is set to 0.4 in the
simulation.

The threshold T2 should be set to a large value to ensure
that the columns in a similar column group are highly coherent
(similar) with each other. The larger T2 is, the more similar
the columns in a similar column group will be; and vise
versa. If T2 is set to a small value, the condensed column,
which is selected from a similar column group randomly, can
not represent the characteristics of other columns in the same
group. Here the threshold T2 is set to 0.9. Therefore, we can
see that the proposed SSMP algorithm is not sensitive to the
choice of the threshold values. We only need to set T1 to a
small value to ensure the low coherence of the similar compact
sensing matrix, and set T2 to a large value to ensure that
the columns in a similar column group are highly coherent
(similar) with each other.

B. The Proposed Adaptive Compressed Sensing Algorithm

The similar compact sensing matrix obtained from Section
III-A is with low coherence, which guarantees a perfect
reconstruction of the sparse vector with a large probability
according to Propositions 1-3. Next, in the rough estimation
process, an OMP algorithm is used to find a rough estimate of
the true support set, the K significant elements, based on the
similar compact sensing matrix. A set of finer discretization
procedures are carried out around the K significant elements.



The columns obtained from the discretization process construct
K new similar column groups. In the following refined esti-
mation process, the combinations of all the columns in the
new similar column groups are listed, and each combination
forms a candidate support set. A set of estimates of the true
sparse vector are calculated based on the candidate support
sets using the least square algorithm. Finally, we can find
the estimated sparse vector matching the residual best. The
detailed procedures of the proposed algorithm are listed in the
following.
Algorithm 1: Adaptive Compressed Sensing Algorithm
Input: Sensing matrix Φ, measurement vector y
Output: The estimated signal x̂O

1) Construction of the Similar Compact Sensing
Matrix. The process is same with that in Section
III-A.

2) Rough Estimation. The OMP algorithm is used
to find a rough estimate of the true support set
based on the measurement vector y and the similar
compact sensing matrix Ψ, which is represented as,
â = {â1, · · · , âk, · · · , âK}.

3) Finer Discretization. The finer discretization
procedures are carried out in the DOA-Doppler plane.
The estimated support set â indicates the positions
of K significant elements in the sparse vector x,
which correspond to K points in the DOA-Doppler

plane, e.g. âk → (θâk

i , f âk

j ), k = 1, · · ·K . The
finer discretization procedures are performed around
these K points based on the new resolution cell

(∆θ′, ∆f ′), with ∆θ′ = ∆θ
FDOA

and ∆f ′ = ∆f
FDoppler

,

where ∆θ and ∆f are the original resolution
cells. FDOA and FDoppler are refinement factors,
which are are even numbers and larger than one.

Accordingly, for each significant point (θâk

i , f âk

j ),
we can obtain ((FDOA + 1) × (FDoppler + 1)) new
columns, which form a new similar column group

denoted as Λâk

.

The above procedures are repeated for K significant
points in the DOA-Doppler plane. Finally, we
can obtain K new similar column groups,

{Λâ1

, · · · , Λâk

, · · · , ΛâK

}.

4) Refined Estimation.

• Based on the K new similar column groups,
the estimated support set â is represented as

â = {â1(Λâ1

), · · · , âk(Λâk

), · · · , âK(ΛâK

)}. The
indices of all the columns in the K new similar
column groups in â are listed and form a final

set f̂ . The total number of the indices in f̂ is
Hcc = K × (FDOA + 1) × (FDoppler + 1).

• List CK
Hcc

combinations based on the column indices

in f̂ , and each combination forms a candidate support
set, e.g. the pth candidate support set is represented

as Υp = {Υ1
p(γ

i
1), Υ

2
p(γ

j
1), · · · , ΥK

p (γl
1)}, p =

1, 2, · · · , Nco, where Υ1
p(γ

i
1) indicates the first ele-

ment of Υp corresponding to γi
1, and Nco indicates the

total number of combinations. The proposed algorithm
then solves a least squares problem to approximate the
nonzero entries of the original sparse vector on each
candidate support set (Υp, p = 1, 2, · · · , Nco), and
sets other entries to zero, resulting in an estimate of
the original sparse vector, x̂p [7], [11]. We can obtain
the estimate x̂p as,

x̂
p

Υp = Φ
†
Υp y, (23)

x̂
p

{1,2,··· ,N}−Υp = 0, (24)

where † indicates the pseudo-inverse operation. The
matrix ΦΥp consists of the columns of Φ with indices
i ∈ Υp, x̂

p

Υp is composed of the entries of x̂p indexed
by i ∈ Υp, and x̂

p

{1,2,··· ,N}−Υp is composed of the

entries of x̂p indexed by i ∈ {1, 2, · · · , N}−Υp [11].

• Among the obtained estimates
{x̂1, x̂2, · · · , x̂p,· · · , x̂Nco}, find the estimate
with the least residual, x̂min, and set x̂min as the
output estimated signal,

x̂O = x̂min. (25)

IV. THE PROPOSED ADAPTIVE COMPRESSED SENSING

BASED JOINT DETECTION AND TRACKING ALGORITHM

This section introduces the ACS-JDT algorithm, which is
mainly divided into two stages. First, the whole radar scenario
(DOA-Doppler plane) is reconstructed for each range gate
during one scan using the ACS algorithm. A similar compact
sensing matrix is built, which represents the characteristics of
the original sensing matrix and can be seen an image of the
original sensing matrix with low resolution. An OMP algo-
rithm is then used to find a rough estimate of the true support
set using the similar sensing matrix. The estimated support set
indicates the rough positions of Kl,m(≥ 0) significant points

in the DOA-Doppler plane of the lth range gate at the mth

scan.

A finer discretization is performed around these Kl,m

rough points, resulting in Kl,m new points with high reso-
lution. The Kl,m new points correspond to Kl,m potential
targets, which may be true targets or from clutter. Each
potential target is indicated by a time stamp, triple DOA-
Doppler-range information as well as the target amplitude.

Finally, L DOA-Doppler planes are built in the mth scan,
resulting in a three-dimensional DOA-Doppler-range space.
The intersection of the ith DOA angle bin and the jth Doppler
frequency bin in the lth range gate plane represents a unique
point (θi, fj, l).

In the second stage, the proposed algorithm performs joint
detection and tracking in the newly built three-dimensional
range-DOA-Doppler space using the information from mul-
tiple consecutive scans. A series of three-dimensional spaces
corresponding to M consecutive scans are combined to one
final three-dimensional space with different potential targets
from different scans. A K-means method is then utilized to
cluster the significant points (potential targets) in the three-
dimensional DOA-Doppler-range space, resulting in a number
of clusters. Each cluster corresponds to either a true track of



a true target or a false track of clutter. Since the true target
moves continuously in the three-dimensional space according
to a general dynamic model, it is hit by a set of consecutive
illuminations. The true track will consist of a number of points
under a moderate detection probability. On the contrary, the
clutter appears randomly in the three-dimensional space and it
is hit by inconsecutive illuminations, resulting in a false track
consisting of much less points compared with the true track.

The following procedure is then used to distinguish the true
tracks from the false tracks. The number of points contained
in each track is counted and compared with the previously set
threshold Ttrue. The track is confirmed to be from a true target
when the number of points is larger than Ttrue, and vice verse.
In order to set a proper value for Ttrue, the number of points
in tracks, {NP (i), i = 1, · · · , NTC}, is arranged in descend
order as,

NP [1] > · · · > NP [k] >> NP [k + 1] > · · · > NP [NTC ],
(26)

where NP [1] denotes the largest entry and NTC denotes the
number of tracks. The sudden change between NP [k] and
NP [k + 1] is caused by the large difference between the
number of points in the true track and the false track. We
set Ttrue = κ · NP [k], where the constant κ is drawn from
the range of [0.1, 0.5] to ensure that the true tracks can be
distinguished from the false tracks accurately.

The proposed method does not rely much on the dynamic
model of the target. Actually the joint detection and tracking
procedures are carried out in the measurement space (three-
dimensional range-DOA-Doppler space). The points at dif-
ferent scans corresponding to the same target will distribute
close to each other and hence can be easily identified as a
cluster. The cluster consisting of more than Ttrue points will
be confirmed to be a true track, while the cluster consisting
of no more than Ttrue points will be confirmed to be a false
track and removed.

V. SIMULATION RESULTS AND ANALYSIS

A. ACS Algorithm in Reconstructing DOA-Doppler Plane

In this section, the ACS algorithm is compared with OMP,
subspace pursuit (SP) and basis pursuit (BP) algorithms, in
reconstructing sparse radar scenarios with high resolution.

An airborne, side-looking radar system consisting of half-
wavelength spaced ULAs is considered in this section. The
radar system is comprised of 4 arrays and the data is organized
in CPIs of 4 pulses. The DOA-Doppler plane is with size
400Hz × 90o, and is divided into 10 × 9 square grids, where
x-axis is for DOA angle and y-axis for Doppler frequency.
The initial DOA angle (θ0), the DOA angle interval (∆θ),
the initial Doppler frequency (fd0

) and the Doppler frequency
interval (∆fd) equal 0o, 10o, 0 Hz and 40 Hz, respectively.
In order to obtain more accurate positions of the targets,
a finer discretization procedure is carried out in the DOA-
Doppler plane with refinement factors FDOA and FDoppler ,
both equaling 10.

In the proposed algorithm, the Gram matrix G of the
original sensing matrix Φ (comprised of 90 columns) is built
via (15), and the histogram of the similarity values of the
original sensing matrix is shown in Fig.2. Next, we will set

TABLE I. PARAMETER SETTING OF THE THREE EXAMPLES

N M K N’ D Cmax Hcc CK
Hcc

Example

1

1000 500 5 10 10 100 500 2.5524 · 1011

Example

2

1000 500 5 100 100 10 50 2.1188 · 106

Example

3

1000 500 5 500 500 2 10 252

the threshold T1 to distinguish the highly coherent columns
from the incoherent columns. In this simulation example,
the threshold T1 is set to 0.4, resulting in 19 highly co-
herent columns and 1 incoherent column. The 19 coherent
columns are further divided into 7 similar column groups
according to the threshold T2 (0.9). Each similar column
group is compacted to a condensed column. The obtained
condensed columns together with the incoherent columns form
a similar compact sensing matrix (comprised of 8 columns).
The histogram of the similarity values of the similar compact
sensing matrix is shown in Fig.3. As can be seen, the size of
the similar compact sensing matrix is greatly reduced, which
reduces the computational complexity efficiently. Furthermore,
there is a shift towards the origin of the histogram from Fig.2
(the original sensing matrix) to Fig.3 (the similar compact
sensing matrix). The tail representing the higher values in Fig.2
disappears in Fig.3. Therefore the coherence of the similar
compact sensing matrix is far less than that of the original
sensing matrix.

The simulations are carried out to compare the accuracy of
different reconstruction algorithms empirically. The proposed
algorithm is compared with the SP and BP algorithms. In
the experiments, the BP algorithm uses the default settings
[8] (BP tools are from SparseLab [9]), and the SP algorithm
uses the parameters given in [11]. Five hundred Monte Carlo
simulations are performed for each fixed value of K (size of
the support set). The reconstruction is considered to be exact
when the l2 norm of the difference between the original signal
x and the reconstructed one x̂ is smaller than 10−5, that is
||x − x̂||2 < 10−5. Fig.4 and Fig.5 present the reconstruction
results for binary zero-one and Gaussian sparse signals respec-
tively. This shows that the reconstruction performance of the
proposed algorithm is much better than that of the SP and BP
algorithms, with a successful reconstruction probability greater
than 0.9.
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Fig. 2. Histogram of the similarity values (absolute off-diagonal entries of
G) of the original sensing matrix

B. ACS-JDT Algorithm

Two simulation examples are carried out in this section to
verify the proposed algorithm. The first example considers two
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Fig. 3. Histogram of the similarity values (absolute off-diagonal entries of
G) of the similar compact sensing matrix
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Fig. 4. Frequency of exact reconstruction for the zero-one signal
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Fig. 5. Frequency of exact reconstruction for the Gaussian signal

perspective targets approaching the radar, one is with a relative
radial velocity of 100m/s and a DOA angle of 10 degree,
beginning from the range gate which is 2000m away from the
position of the radar. The other is with a relative radial velocity
of 150m/s and a DOA angle of 20 degree, beginning from
the same range gate as the first one. The range of the DOA
angle and Doppler frequency are [0o, 30o], and [0Hz, 4000Hz]
respectively. The clutter is assumed uniformly distributed with
density 1× 10−6/m2. The scan interval is 1s with totally ten
illuminations. More simulation parameter are listed in Table
II.

The simulation results obtained from inside one scan are
shown in Figs 6 ∼ 7. Fig. 6 shows that the reconstructed

TABLE II. SIMULATION PARAMETERS

Simulation Parameter Value

Pulse shape Rectangular

Carrier frequency 10 GHz

Tp 0.5 µs
PRF 820 Hz
TR 2.09s
Number of sensors (N ) 5
Number of pulses (K) 5
Number of rows of DOA-Doppler plane (V ) 20
Number of columns of DOA-Doppler plane (D) 30
Threshold Ttarget 0.5
NL 4

potential targets are comprised of the estimates of true targets
(the stars inside the red circles), the estimates of clutter (the
stars inside the triangles), and the estimates of false targets
due to the highly coherent columns (the independent stars).
Moreover, it can be seen that both of the two targets are lost in
tracking at range gate 2000. Next, we are going to distinguish
the estimates of true targets from the estimates of false targets
and clutter. It is reasonable to assume that the DOA angle
and velocity of a target keep invariant during one scan. All
the points are then projected to a DOA-Doppler plane and
clustered (Fig. 7). The resulting two clusters locate around
(10o, 2000Hz) and (20o, 3000Hz) respectively. Each cluster
consists of more than NL points and corresponds to a true
target.

The simulation results obtained from five consecutive scans
are shown in Fig. 8. A series of three-dimensional spaces
corresponding to five consecutive scans are combined to one
final three-dimensional space, and the tracks corresponding to
one specific target in different scans would connect to each
other in the final three-dimensional space (Fig. 8). This results
in two final tracks consisting of multiple scan information,
each for a true target.

In the second simulation example, the performance of the
proposed algorithm has been compared to the traditional track
before detect (TBD) algorithm [5], and the ML-PDA algorithm
[6] based on the probability of track detection PD,track and
the root mean square error (RMSE). The PD,track and RMSE
are calculated using 500 independent Monte Carlo trials for
each algorithm according to [5]. The simulation parameters
are same with those in the first example (Table II). As to the
noise, for the sake of simplicity, we assume that the covariance
matrix Rm at the mth scan is given by

Rm = σ2
nI + σ2

cC, (27)

where σ2
n = 1 is the thermal noise power, σ2

c = 100 is the
clutter power, and the (i, j)th element of matrix C, ci,j say,
is given by

ci,j = exp{−
[(i − j)d]2

2σ2
}, (28)

with σ2 such that the one-lag correlation coefficient is equal
to 0.99. Finally, we assume that one target and clutters are
randomly distributed in the three dimensional range-DOA-
Doppler space. The parameter setting for the traditional TBD
algorithm and the ML-PDA algorithm is same with that in [5].

Simulation results are summarized in Figs. 9 and 10. More
precisely, in Fig. 9 we plot PD,track versus SNR, while in
Fig. 10 we plot the RMSE in DOA versus SNR, for the three
algorithms respectively. Figs 9 ∼ 10 show that the proposed
CS-TBD algorithm outperforms the traditional TBD algorithm
and the ML-PDA algorithm both in terms of PD,track and
RMSE.

VI. CONCLUSION

A novel adaptive compressed sensing based joint detection
and tracking algorithm (ACS-JDT algorithm) is proposed in
this work. Different from the existing TBD algorithms that
adopt hypothesis test using the radar measurement, the pro-
posed algorithm reconstructs the whole radar scenario (DOA-
Doppler plane) for each range gate at consecutive scans



using an improved StOMP algorithm. Temporal tracking is
performed inside each scan (in the three dimensional space
comprised of range, DOA and Doppler), as well as among con-
secutive scans. The simulation results show that the proposed
algorithm can track and detect multiple targets successfully.
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Fig. 6. Original Reconstructed Radar Scene
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Fig. 7. Projected Reconstructed Radar Scene
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