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Abstract—One-bit radar imaging has received much attention
due to the low cost of the analog-to-digital converter (ADC) and the
low storage and transmission burden. The one-bit radar imaging
results using conventional one-bit compressive sensing (CS) algo-
rithms, such as the binary iterative hard thresholding (BIHT) algo-
rithm, are always contaminated by artifacts, especially under noisy
conditions. In this paper, we present an adaptive-BIHT (A-BIHT)
algorithm to mitigate artifacts and improve the one-bit radar imag-
ing performance. In the proposed A-BIHT algorithm, we devise a
quantization level parameter, and update the quantization level
parameter and the imaging result in an iterative fashion by em-
ploying a relaxed quantization consistency condition. The relaxed
quantization consistency condition is designed to allow some noisy
one-bit measurements to be inconsistent. In this way, the proposed
algorithm mitigates the effect of noise on consistent reconstruction,
and thus, alleviates artifacts and improves the imaging quality.
Simulations and experimental results demonstrate that the pro-
posed A-BIHT method can provide superior imaging performance
with suppressed artifacts compared with the conventional BIHT
method.

Index Terms—Adaptive quantization level parameter, binary
iterative hard thresholding (BIHT), compressive sensing, one-bit
radar imaging.

I. INTRODUCTION

RADAR imaging technology has been widely used in civil-
ian and military applications which takes the advantage

of working regardless of the times and weather [1]–[3]. The
high resolution images provide significant information for target
detection, classification and recognition tasks [4]–[6]. However,
for wide-swath and high-resolution imaging demands, a large
amount of echo data is acquired, causing great burden on data
storage and transmission.

Recently, radar imaging with one-bit coded data is appeal-
ing because of the small storage and transmission burden. In
addition, the one-bit analog-to-digital converter (ADC), which
takes a simple form of a comparator, suffers from lower cost
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and lower power consumption. Early researches on one-bit
radar imaging using conventional methods, e.g., matched fil-
tering, have demonstrated that one-bit quantization may re-
sult in ghost targets [7]–[9]. The main reason of the unsat-
isfactory one-bit radar imaging results based on matched fil-
tering is that the one-bit coded echo data are acquired via
fixed threshold ADC, leading to the loss of the magnitude
information.

Since the targets with strong scattering coefficients in the
observation scene always follow a sparse distribution, the radar
echo generated by such sparse observation scene has a sparse
representation. Based on the sparse representation, one-bit com-
pressive sensing (CS) methods provide another way to achieve
one-bit radar imaging in addition to the matched-filtering-based
methods. The one-bit CS has been studied in [10]–[14]. Com-
pared with the conventional radar imaging algorithms based on
matched filtering, one-bit CS methods are effective in improving
the one-bit radar imaging quality in radar sensing applications
[15]–[19]. Existing one-bit CS methods successfully applied on
radar sensing applications to achieve satisfactory results can be
divided into two types: i) compensate the information loss in data
sampling procedure [20]–[24]; ii) exploit other information in
the imaging procedure [25]–[28].

One-bit CS algorithms of the first type, which improve the
one-bit radar imaging performance by compensating the infor-
mation loss in the ADC, are developed based on some random
and adaptive quantization thresholds ADCs [20]–[24], [39],
[40]. In [20], [21], a time-varying thresholds (TVT) framework
is proposed, where the raw data are compared with a set of
randomly generated thresholds in ADC. In radar sensing ap-
plications, it has been shown that the TVT-framework-based
algorithms outperform the methods developed based on fixed
quantization threshold ADC with sufficient measurements [15]–
[17]. The methods in [22], [23] exploit adaptive thresholds
schemes where the quantization thresholds in ADC are updated
in a sequence manner. In [22], the signal recovery algorithm
is developed based on generalized approximate message pass-
ing (GAMP), and a feedback from the decoder to the ADC
is required to update the quantization thresholds. In [23], the
thresholds in ADC are adaptively calculated according to the
former quantized data, and the second order cone programming
algorithm is used to estimate the signal magnitude. The method
in [24] calculates the quantization thresholds in both the ADC
and the decoder in parallel. However, the methods in [20]–[24]
require varying quantization thresholds and some also require
a memory of the threshold history in the ADC. Although they
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can achieve improved imaging performance, the hardware im-
plementation of the ADC is more complex and expensive.

One-bit CS algorithms of the second type are developed in the
last decades to improve the data recovery performance without
disturbing the ADC [25]–[28], and are successfully applied
to radar sensing [18], [19]. In [25], a maximum a posteriori
(MAP) approach is proposed based on the Bayesian framework.
The MAP algorithm can provide satisfactory performance on
suppressing ghost target and artifacts. In [26]–[28], the matching
sign pursuit (MSP) [26], the binary iterative hard thresholding
(BIHT) [27] and the restricted-step shrinkage (RSS) [28] al-
gorithms are developed by forcing consistent reconstruction.
As shown in [18], the BIHT and MAP methods are capable
of well imaging the targets in one-bit radar imaging scenario.
In addition, an enhanced one-bit radar imaging algorithm is
developed in [18] based on BIHT framework by exploiting the
two-level block sparsity information of the observation scene.
As demonstrated in [26]–[28], [18], the frameworks of these al-
gorithms are predesigned based on the prior information of fixed
threshold ADC. However, the quantization threshold, which is
a hidden parameter of the one-bit radar imaging algorithm, may
influence the imaging performance.

In addition, the performance of the methods in [26]–[28]
and [18] is always worsened by the noise in the data sam-
pling and transmission process, although the BIHT algorithm
with one-sided �2 objective (BIHT-�2) in [27] is demonstrated
to provide better data recovery performance under significant
noisy conditions. To address this issue, some robust one-bit CS
algorithms are developed [29]–[34]. Among these robust one-
bit CS algorithms, the adaptive outlier pursuit (AOP) method
proposed in [30] is one of the most popular algorithms for
recovering sparse signal from noisy one-bit measurements [35],
[36]. However, many robust one-bit CS algorithms including the
AOP algorithm require the prior information of the noise level
to guarantee a satisfactory performance [29]–[31].

In this paper, we present an adaptive-binary iterative hard
thresholding (A-BIHT) algorithm based on BIHT iteration
framework, by exploiting and updating the quantization thresh-
old, which is defined and referred to as the quantization level
parameter, in the imaging procedure. Different from BIHT,
which employs a default zero quantization level parameter in
the imaging process, the A-BIHT method introduces an adaptive
quantization level parameter scheme, which updates the imaging
result and the quantization level parameter iteratively. In each
iteration of A-BIHT, the estimated imaging scene is updated, fol-
lowed by a quantization level parameter update process. In prac-
tice, the received echo data are always contaminated by noise,
which may cause wrong one-bit measurements. The wrong
measurements will affect the consistent reconstruction condition
and lead to artifacts in the final imaging results. By updating the
quantization level parameter in the A-BIHT iterations, we can
relax the quantization consistency condition to accommodate
some noise-induced quantization inconsistency entries in each
iteration. In this way, the adaptive quantization level parameter
scheme can mitigate the effect of noise on consistent recon-
struction, and therefore, reduce artifacts and improve imaging
quality with noisy one-bit measurements. In addition, the prior

information of the noise level is not required in the A-BIHT
imaging process. Numerical results demonstrate that compared
with the conventional BIHT algorithm, the proposed A-BIHT
method provides superior one-bit radar imaging performance
with suppressed artifacts, especially under low-SNR conditions.

The remainder of this paper is organized as follows. The
radar echo signal model is briefly reviewed in Section II.
Section III presents the proposed adaptive quantization level
parameter scheme and the A-BIHT algorithm. Simulations and
experiments are implemented in Section IV. Section V gives the
conclusion.

The main notation in this paper is listed below:
M number of total available antenna positions of the stepped-

frequency radar system
N number of total available frequency points of the stepped-

frequency radar system
y received radar echo vector, y ∈ R2MN×1

σ scattering coefficient vector, σ ∈ R2PrPx×1

Φ sensing matrix in the sparse representation of y
z one-bit measurement vector, z ∈ R2MN×1

λ quantization level parameter vector, λ ∈ R2MN×1

λq updated quantization level parameter vector in the q-th
iteration

σ̂q updated imaging result vector in the q-th iteration
Δλ adjustment vector for updating λ

u iterative direction for updating λ, u ∈ R2MN×1

v iterative step length for updating λ, v ∈ R2MN×1

Λ support set for consistent entries in radar imaging process
ΛC support set for inconsistent entries (ΛC is the complemen-

tary set of Λ)
K sparsity level of the observation scene
μ subgradient step size for updating the imaging scene
β gradient descent step size for updating λ

� Hadamard product operator
[·]− negative projection operator that maintains the negative

entries of the input matrix while setting the positive ones
to zero

⊗ Kronecker product operator

II. SIGNAL MODEL

We consider a synthetic aperture radar (SAR) model with
a stepped-frequency waveform [18], [37], [38]. The stepped-
frequency radar system contains a total of M available antenna
positions and N available frequencies at each antenna position.
Let pm and fn denote the m-th antenna position and the n-th
frequency point, respectively. The imaging scene is divided into
Pr × Px pixels with Pr and Px denoting the total number of
pixels along the range and azimuth directions, respectively. Let
(ri, xl) denote the axes of the pixel at the i-th range cell and the
l-th azimuth cell. The echo collected by pm antenna position at
fn frequency point can be expressed as

ym,n =

Pr∑
i=1

Px∑
l=1

σ(ri, xl)

exp

(
−j4πfn

R(pm, ri, xl)

c

)
+ wm,n, (1)



HAN et al.: ONE-BIT RADAR IMAGING VIA ADAPTIVE BINARY ITERATIVE HARD THRESHOLDING 1007

whereR(pm, ri, xl) =
√
r2i + (xl − pm)2 is the range from the

location (ri, xl) to the antenna position pm, c is the propagation
speed, σ(ri, xl) denotes the scattering coefficient of location
(ri, xl), and wm,n is the additive noise.

By reshaping {ym,n}m=1,...M,n=1,...N into a linear measure-
ment vector, we have

ȳ = Φ̄σ̄ + w̄, (2)

where w̄ ∈ CMN×1 is the vector of additive noise, ȳ =
[y1,y2, . . .yM ]T ∈ CMN×1 with ym = [ym,1, ym,2,
. . . , ym,N ] ∈ C1×N , σ̄ = [σ1,σ2, . . .σPx

]T ∈ CPrPx×1

with σl = [σ(r1, xl), σ(r2, xl), . . . , σ(rPr
, xl)] ∈ C1×Pr , and

Φ̄ ∈ CMN×PrPx is given by

Φ̄((m− 1)N + n, (l − 1)Pr + i)

= exp

(
−j4πfn

R(pm, ri, xl)

c

)
, (3)

wherem = 1, 2, . . . ,M ,n = 1, 2, . . . , N , i = 1, 2, . . . , Pr, and
l = 1, 2, . . . , Px. Let Re(·) and Im(·) denote the real and imag-
inary parts, respectively. Since the I/Q data need to be quantized
respectively, we reformulate (2) as [17]–[19]

y = Φσ +w, (4)

where

y =

[
Re(ȳ)
Im(ȳ)

]
, Φ =

[
Re(Φ̄) −Im(Φ̄)
Im(Φ̄) Re(Φ̄)

]
,

σ =

[
Re(σ̄)
Im(σ̄)

]
,w =

[
Re(w̄)
Im(w̄)

]
. (5)

In the case where the communication bandwidth is extremely
limited, the radar system quantizes the received signal into
one-bit and then transmits the binary measurements to the
imaging process. With a fixed quantization threshold ADC, we
formulate the quantization threshold vector as τ ∈ R2MN×1

with all the entries in τ equaling the same value. Then, the
binary measurement vector is obtained as

z = sign(y − τ ), (6)

where the function sign(x) equals 1 if x > 0 and -1 otherwise.
One-bit radar imaging aims at estimating σ based on z. Since

σ is a sparse signal, one-bit CS algorithms can be adopted to
solve the one-bit radar imaging problem. In the conventional
BIHT, it is achieved by forcing consistent reconstruction, ex-
pressed by [27]

σ̂ = argmin
σ

{∥∥[z� (Φσ − τ )]−
∥∥
1

}
,

s.t. ‖σ‖0 ≤ 2K, ‖σ‖2 = 1 (7)

where σ̂ is the estimated imaging scene, ‖ · ‖p is the �p norm,
� denotes the Hadamard product, K is the sparsity level of σ̄,
and [·]− means maintaining the negative entries while setting the
positive ones to zeros, i.e. [x]− = 1

2 (x− |x|). Note that in the
conventional BIHT framework [27], the default value of τ in (7)
is fixed as 0 ∈ R2MN×1.

Fig. 1. The proposed one-bit radar imaging model.

As proved by the methods in [15]–[17], [20]–[24], a good
imaging quality can be achieved by adopting varying ADC
thresholds in the data sampling process, i.e., adopting different
values of the entries in τ in (6). In this way, the ADC hardware
implementation is more complex. However, as implied by (7),
it is possible to achieve different one-bit radar imaging perfor-
mance by choosing different τ in the imaging process (7), even
if τ in (6) is fixed. Based on this consideration, in this paper, we
aim at improving the one-bit radar imaging quality by finding the
optimal value of τ in the imaging process to achieve improved
imaging performance.

In the next section, we refer to the parameter τ in the imaging
process (7) as the quantization level parameter, which is denoted
as λ to distinguish it from the threshold τ in (6). The value of λ

is adaptively updated in the process of reconstructing σ̂.

III. A NEW A-BIHT ALGORITHM

The proposed one-bit radar imaging model is presented in
Fig. 1. The imaging model contains two main parts, the data
sampling part and the imaging part. In the data sampling part,
the radar echo data are one-bit quantized via a fixed zero quanti-
zation threshold ADC. In the imaging part, a new adaptive-BIHT
(A-BIHT) algorithm is proposed to get the final imaging result
σ̂ from the one-bit measurement vector z.

A. Quantization Level Parameter and the Relaxed
Consistency Condition

In the imaging part, we devise a quantization level parameter
vector λ. The proposed A-BIHT algorithm adopts adaptively
changed λ and updates the imaging result and the quantization
level parameter in an iterative fashion, as shown in Fig. 1.
Concerning the quantization level parameter λ, the imaging
problem is reformulated as

σ̂ = argmin
σ

{∥∥[z� (Φσ − λ)]−
∥∥
1

}
.

s.t. ‖σ‖0 ≤ 2K, ‖σ‖2 = 1 (8)

Note that when λ is set as a constant zero vector, i.e., λ = 0 ∈
R2MN×1, the formulation in (8) reduces to the conventional
BIHT method.

In practice, the noise w in (4) may cause wrong entries on the
one-bit measurement z, i.e., the entries in z cannot always cap-
ture the correct signs of the expected noiseless measurements.
In this situation, forcing consistency condition of z(Φσ̂) > 0 as
done in conventional BIHT will include the influence of noise
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in the reconstructed imaging scene σ̂. Thus, in the proposed A-
BIHT algorithm for improving the imaging performance under
noisy conditions, we allow some noisy entries to be inconsistent
with the involvement of λ. From this view point, the involvement
of the quantization level parameter λ can be regarded as a
slack parameter, aiming at relaxing the quantization consistency
condition to accommodate some noise-induced quantization
inconsistency. In this way, the imaging performance is expected
to be improved with artifacts mitigated.

As shown in Fig. 1, the quantization level parameter is updated
following the imaging scene updating step in each iteration.
Define σ̂q and λq−1 as the updated imaging result in the q-th
iteration and the adjusted quantization level parameter in the
(q-1)-th iteration, respectively. Then, σ̂q is obtained by taking a
subgradient step of (8) with a certain λq−1, expressed as

σ̂q = P2 K

(
σ̂q−1 − μΦT

[
sign(Φσ̂q−1 − λq−1)− z

])
, (9)

where ΦT is the transpose of Φ, μ > 0 is the gradient descent
step size,K is the sparsity level of σ̄, andPK(·) is a hard thresh-
olding operator which maintains theK biggest coefficients while
setting others to zero.

In the (q+1)-th iteration, a relaxed consistency condition
is forced on the inconsistent entries, based on the updated
imaging scene σ̂q . That is to say, for the i-th entry with
zi(ϕiσ̂

q − λ
q−1
i ) < 0 where zi denotes the i-th entry of z and

ϕi denotes the i-th row of Φ, the following relaxed quantization
consistency condition is employed as the criteria to update the
imaging scene σ̂q+1 in the (q+1)-th iteration:⎧⎪⎪⎨
⎪⎪⎩

ϕiσ̂
q+1−λ

q−1
i >Δλi,Δλi<0, if zi>0,ϕiσ̂

q−λ
q−1
i <0

ϕiσ̂
q+1−λ

q−1
i <Δλi,Δλi>0, if zi<0,ϕiσ̂

q−λ
q−1
i >0

ϕiσ̂
q+1−λ

q−1
i >0, if zi

(
ϕiσ̂

q−λ
q−1
i

)
>0

,

(10)

where λ
q−1
i and Δλi are the i-th entry of λq−1 and Δλ ∈

R2MN×1, respectively.
The relaxed consistency condition is only designed for incon-

sistent entries with zi(ϕiσ̂
q − λ

q−1
i ) < 0. Thus, if zi(ϕiσ̂

q −
λ
q−1
i ) > 0, the quantization consistency condition is not relaxed,

which requires ϕiσ̂
q+1 − λ

q−1
i > 0 with σ̂q+1 obtained in the

(q+1)-th iteration, as indicated in the third condition in (10). For
the inconsistent entries with the first condition in (10), i.e., zi > 0
but ϕiσ̂

q − λ
q−1
i < 0, according to the idea of conventional

consistent reconstruction, the expected σ̂q+1 obtained in the
(q+1)-th iteration is required to satisfy ϕiσ̂

q+1 − λ
q−1
i > 0.

However, if the received one-bit measurements are contaminated
by noise that leads to a sign flip on zi, the consistent reconstruc-
tion actually requires a negative value of ϕiσ̂

q+1 − λ
q−1
i with

the updated imaging scene σ̂q+1. In this condition, Δλi < 0
in (10) relaxes the consistency condition to negative values,
which accommodates some noise-induced quantization incon-
sistency. Similarly, for the inconsistent entries with the second
condition in (10), i.e., zi < 0 but ϕiσ̂

q − λ
q−1
i > 0, Δλi > 0

in (10) relaxes the consistency condition to accommodate some
positive values. From this viewpoint, the relaxed quantization
consistency condition is controlled by Δλi in (10).

As implied in (10), we can reformulate the relaxed consistency
condition adopted at the (q+1)-th iteration as

z
(
Φσ̂q+1 − λq

)
> 0,

λq = λq−1 +Δλ, (11)

where ⎧⎨
⎩

Δλi �= 0, if zi

(
ϕiσ̂

q − λ
q−1
i

)
< 0

Δλi = 0, if zi

(
ϕiσ̂

q − λ
q−1
i

)
> 0

. (12)

According to (11) and (12), before updating the imaging scene
σ̂q+1 in the (q+1)-th iteration based on the relaxed quantization
consistency condition (11), a properλq should be first obtained to
construct the relaxed consistency condition. As implied in (11),
Δλ ∈ R2MN×1 can be regarded as an adjustment step vector for
obtaining λq from λq−1. Denote the adjustment direction and the
corresponding adjustment step length of Δλ as u ∈ R2MN×1

and v ∈ R2MN×1, respectively. Then, the updated quantization
level parameter in the q-th iteration is obtained as

λq = λq−1 + u� v. (13)

In the proposed A-BIHT algorithm, we use alternating mini-
mization method to separately and iteratively update the imaging
result and the quantization level parameter, as shown in Fig. 1. In
each iteration, an adaptive quantization level parameter scheme
is proposed to determine the adjustment direction u and ad-
justment step length and v, and update the quantization level
parameter. In this way, the quantization consistency condition is
relaxed to mitigate the noise-induced artifacts.

B. Adaptive Quantization Level Parameter Scheme

The main idea of the adaptive quantization level parameter
scheme is to employ a relaxed consistency condition to allow
some noisy one-bit measurements to be inconsistent entries in
each iteration.

As mentioned in Section III.A, the relaxed consistency con-
dition described in (10) - (12) is only designed for incon-
sistent entries. Thus, we define a consistent support set Λ ∈
{1, 2, . . . , 2MN}Ncon×1 where Ncon is the number of consis-
tent elements. For i ∈ Λ, we have zi(ϕiσ̂

q − λ
q−1
i ) > 0 and

Δλi = 0 according to (10) - (12), i.e., λq
i = λ

q−1
i for i ∈ Λ. For

i ∈ ΛC with ΛC defined as the complementary set of Λ, i.e., the
support set of inconsistent entries, we updates λ

q
i by (13). The

key problem is to determine the adjustment direction u and the
step length v.

In the q-th iteration, we denote J(λ) as

J(λ) = [z� (Φσ̂q − λ)]−. (14)

Then, λq is obtained according to the following optimization
problem on the inconsistent support set ΛC based on fixed σ̂q ,
expressed as:

λ̂
q
∣∣∣
ΛC

= argmin
λ

{
‖J(λ)|ΛC‖22

}
. (15)

The objective function in (15) is also an evaluation of con-
sistency, similar to that in (8) used to update the imaging scene.
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In contrast, the �2 norm is used in (15) to measure the consis-
tency to simplify the analysis, and the optimization procedure
is conducted on a certain support set ΛC . With the inconsistent
support set ΛC , the problem in (15) can be simplified as

λ̂
q
∣∣∣
ΛC

= argmin
λ

{
[ (Φσ̂q − λ)|ΛC ]

T [ (Φσ̂q − λ)|ΛC ]
}
.

(16)
It is obvious that the objective function in (16) is convex on the
inconsistent support set ΛC . Thus, the gradient of the objective
function in (16) on ΛC can be simply calculated as

∇J(λ)|ΛC = −2(Φσ̂q − λ)|ΛC . (17)

Then, the adjustment direction and step length for updating
the quantization level parameter in (13) can be defined as

u|ΛC = − (∇J(λq−1)/
∣∣∇J(λq−1)

∣∣)∣∣
ΛC

v|ΛC = β · ∣∣ (Φσ̂q − λq−1)
∣∣
ΛC

∣∣ , (18)

where β > 0 is a scalar controlling the tradeoff between the
convergence speed and the final imaging performance.

Given σ̂q calculated by (9), we can update λq according to
(13) on the inconsistent support set ΛC in one step:

λq|ΛC = λq−1
∣∣
ΛC + u|ΛC � v|ΛC

= λq−1
∣∣
ΛC + β (Φσ̂q − λq−1)

∣∣
ΛC . (19)

The update step in (19) is actually a gradient descent step of
solving (16) on the inconsistent support set ΛC . For consistent
entries, the corresponding entries in the quantization level pa-
rameter remain unchanged with λq|Λ = λq−1|Λ. Note that we
separate the update of the quantization level parameter λq in
two parts of u and v in order to indicate that we can adjust λq

along a certain direction with a certain step size instead of finding
the optimal solution of (15).

C. A-BIHT Algorithm Description

The main steps of the proposed A-BIHT algorithm are sum-
marized in Algorithm 1. The A-BIHT algorithm uses alternating
minimization approach to separately and iteratively update the
reconstructed imaging scene and the quantization level param-
eter.

At the q-th iteration, the estimated imaging scene is updated
by (9) according to the optimization problem (8) with a certain
λq−1. Then, the updated quantization level parameter λq is ob-
tained by (19) according to the optimization problem (16) and the
relaxed quantization consistency condition (10), with a certain
σ̂q . The updated quantization level parameter λq is then used
at the (q+1)-th iteration to construct the relaxed quantization
consistency condition, according to which the estimation of the
imaging scene is further retrieved. The imaging result and the
quantization level parameter λ are tuned in an iterative fashion
until the algorithm reaches the maximum number of iterations
or the updated imaging scene converges to a certain iterative
accuracy.

Algorithm 1: The Proposed A-BIHT Algorithm.
Input: Input the one-bit measurement vector z, the sensing

matrix Φ, the step sizes μ and β, the sparsity level K, the
iterative precision ε, and the max iteration number Imax.

Initialization: Initialize the imaging scene
σ̂0 = ΦT z/‖ΦT z‖2, the quantization level parameter
λ0 = 02MN×1, and q = 0.

Iteration Steps:
1: q = q + 1.
2: Update the imaging scene:

σ̂q = P2 K(σ̂q−1 − μΦT [sign(Φσ̂q−1 − λq−1)− z]).
3: Update the quantization level:

Construct the support sets Λ and ΛC for consistent and
inconsistent entries, respectively.

λq|ΛC = λq−1|ΛC + β(Φσ̂q − λq−1)|ΛC

λq|Λ = λq−1|Λ
End iteration until q > Imax or ‖σ̂q − σ̂q−1‖2/‖σ̂q‖2 < ε
Output:The imaging scene σ̂ = σ̂q/‖σ̂q‖2.

D. A-BIHT Algorithm Analysis

1) Computational Burden: Denote card(ΛC) as the number
of element inΛC . Compared with conventional BIHT algorithm,
the additional computational complexity for updating λ based
on (19) is O(card(ΛC)× PrPx). Thus, compared with con-
ventional BIHT algorithm, the computational burden of the pro-
posed A-BIHT algorithm is increased byO(card(ΛC)× PrPx)
in each iteration.

2) Convergence: The proposed A-BIHT algorithm is devel-
oped based on the BIHT iterative framework. For updating the
imaging scene σ̂q in (9), the subgradient step is taken since
the gradient of the objective function in (8) is nonexistent at the
point ofΦσ − λ = 0. Therefore, similar to the analysis of BIHT
in [27], the convergence of the A-BIHT iterations is difficult
to be theoretically proved. In the next section, simulations and
experiments are implemented to demonstrate that the proposed
A-BIHT algorithm can converge to a satisfactory result. In
addition, as shown in (8), the proposed A-BIHT algorithm is
developed with a unit square constraint of ‖σ‖2 = 1. Therefore,
the optimization problem in (8) is not a convex optimization
problem as discussed in [27]. The convergence of the A-BIHT
algorithm to global minimum cannot be guaranteed. As shown
in [27], [30] and our simulation results, initializing the itera-
tion by σ̂0 = ΦT z/‖ΦT z‖2 and λ0 = 02MN×1 can provide a
satisfactory result.

3) Measurement Matrix Selection: The analysis in section
III.B is based on full data set where the measurements are col-
lected with allN available frequencies at each of theM available
antenna positions. As the A-BIHT algorithm is a sparsity driven
algorithm, the one-bit radar imaging can be well achieved by
using reduced measurements. Denote Ψ ∈ R2MrNr×2MN as
the measurement matrix with MrNr < MN . Then, the reduced
measurement vector is obtained as

yr = ΨΦσ +wr = Aσ +wr, (20)
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where wr,yr ∈ R2MrNr×1. With a proper Ψ, it is possible
to achieve one-bit radar imaging by the proposed A-BIHT
algorithm with Φ in Algorithm 1 replaced by the matrix
A ∈ R2MrNr×2MN = ΨΦ. The strategies of constructing the
measurement matrix Ψ discussed in [38] can be adopted in
this paper, as the signal models are both developed on the
stepped-frequency radar system. In our following simulations
and experiments, the Ψ is selected as Ψ = Ψp ⊗Ψf where ⊗
is the Kronecker product,Ψp is comprised ofMr rows uniformly
selected from an M ×M index matrix, and Ψf is comprised of
Nr rows uniformly selected from an N ×N index matrix.

4) Parameters Selection: There are three hyper-parameters
that should be properly chosen: the sparsity level K, and the
step sizes μ and β. In practice, the sparsity level of the imaging
scene is always unknown, i.e., K is unknown. As shown numer-
ically in Section IV, when K is larger than the true value, the
imaging performance will get worse since a hard thresholding
operation is employed in (9) for updating the imaging scene.
In contrast, the weak scattering coefficients will be mitigated
and the observation scene cannot be fully imaged when K is
too small. In the proposed A-BIHT algorithm, the parameter K
can be selected according to experience or by searching for a
proper K through a set of different values. The parameters μ
and β control the subgradient and gradient descent step sizes in
(9) and (19), respectively. The values of these two parameters
should be tuned properly to balance the tradeoff between the
convergence performance and the final imaging quality.

5) Limitations: As discussed in [23] and [40], the signal re-
construction error bound of the conventional one-bit CS method
using one-bit measurements obtained by a fixed quantization
threshold ADC is restricted to a certain level when the mea-
surement number is fixed. Since the proposed A-BIHT algo-
rithm is developed based on a fixed zero threshold ADC, the
performance of the proposed A-BIHT algorithm is also limited.
However, compared with conventional one-bit CS algorithms
such as BIHT, the proposed A-BIHT algorithm can achieve
better performance under noisy conditions.

6) Extensions: The proposed A-BIHT algorithm can be ex-
tended to deal with other one-bit compressive sensing problems
by changing the basisΦ in (4) according to different signal mod-
els. The advantages and limitations of the A-BIHT algorithm in
other problems will be further investigated in our future work.

IV. NUMERICAL RESULTS

In this section, simulations and numerical experiments are
implemented. The imaging results are represented by pseudo-
color maps with the magnitudes measured in dB. For quantitative
evaluation, the target-to-clutter ratio (TCR) and the mean square
error (MSE) are calculated as

TCR= 10 log
PC

∑
(ri,xl)∈T |σ̂(ri, xl)|2

PT

∑
(ri,xl)∈C |σ̂(ri, xl)|2

, (21)

MSE = 10 log (‖σ − σ̂‖2/(2PrPx)) , (22)

Fig. 2. The locations of the three targets in the simulated observation scene.

where T and C denote the target areas and the clutter areas,
respectively, with number of pixels of PT and PC , respec-
tively; σ and σ̂ denote the ground truth and the one-bit radar
imaging result, respectively. Higher TCRs correspond to better
imaging quality with more concentrated target areas and fewer
artifacts, as used in [18]. Lower MSEs correspond to better
similarity between the reconstructed imaging scene and the
ground truth [10], [26]. In simulations and experiments, the
proposed A-BIHT algorithm is compared with the conventional
back projection (BP) method, the BIHT algorithm, the AOP
algorithm and the state-of-the-art MAP algorithm that works
well for one-bit radar imaging. The AOP algorithm is compared
since it is a representative algorithm for dealing with noise in
one-bit CS.

Note that in simulations and experiments, the one-bit mea-
surements are all acquired by a zero threshold ADC. During
data sampling process, the ADC quantization threshold is fixed.

A. Simulations

To start with, we generate a specific simulated imaging scene
to show the imaging results using different methods. The simu-
lated imaging scene contains three target areas, the locations of
which are shown in Fig. 2. The numbers of total antenna posi-
tions and frequency points are 61 and 201, respectively, reaching
a 1.2 m azimuth aperture size and a 2 GHz bandwidth. The
observation scene is divided into Pr × Px = 41× 41 pixels.
The three target areas take a total of 12 pixels, i.e.,PT = 12. The
scattering coefficients of the pixels in the three target areas are set
as 10. In order to fully image the three target areas, the sparsity
level K of the observation scene should be selected larger than
12. In simulations, we uniformly select 31 antenna positions and
51 frequencies, i.e., the total bit budget is 2×MrNr = 3162. In
this way, about 12.89% of the full measurements are used. The
measurement matrix is constructed according to the analyses in
Section III D. The parameters in A-BIHT are set as K = 20,
μ = β = 0.01, ε = 1e− 8, and Imax = 500. These parameters
are problem dependent and may vary with different imaging
scene.
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Fig. 3. One-bit radar imaging results under simulated scene (K = 20, SNR = 15 dB). (a) BP, TCR = 19.5890, MSE = -16.9954. (b) BIHT, TCR = 41.3168,
MSE = -44.3710. (c) AOP, TCR = 42.6229, MSE = -44.8962. (d) 1-bit MAP, TCR = 43.9277, MSE = -43.8121. (e) A-BIHT, TCR = 44.2258, MSE = -45.2870.
The imaging results are represented by pseudo-color maps with the magnitudes measured in dB. The red boxes denote the expected target areas. The result in (a)
obtained by BP suffers from strongly cluttered background. The results in (c) - (e) obtained by the AOP, MAP and A-BIHT algorithms show artifact suppression
performance (outside the target areas). Compared with the result in (c) obtained by the AOP method, the result in (e) obtained by the A-BIHT method shows better
imaging quality with fewer artifacts. Compared with the result in (d) obtained by the MAP method, the result in (e) obtained by the A-BIHT method achieves a
cleaner background and a higher TCR value, indicating that more concentrated target areas can be achieved by the A-BIHT method.

First we set the received signal-to-noise ratio (SNR) as 15 dB.
The one-bit radar imaging results obtained by different methods
are shown in Fig. 3, with red boxes denoting the expected
three target areas. As shown in Fig. 3(b), the conventional
BIHT algorithm suffers from more artifacts in non-target ar-
eas. Compared with the result in Fig. 3(b) obtained by BIHT
method, the result in Fig. 3(e) obtained by the proposed A-BIHT
algorithm provides a cleaner background with superior artifact
suppression. In addition, compared with the AOP method and
the MAP method, the proposed A-BIHT algorithm can provide
better imaging performance with a higher TCR value of 44.2258
and a lower MSE value of -45.2870, as labeled in the caption of
Fig. 3.

In the following simulations, we investigate the imaging
performance of different methods under different conditions and
different parameter setups by adopting Monte-Carlo random tri-
als. In order to demonstrate that the imaging result is independent
of the target locations, we change the three target locations in
each random trial. Thus, the following results are the average
results over Gaussian noise and random target locations.

As analyzed in Section III D, different values ofK may lead to
different imaging qualities. In Fig. 4, the imaging performance

versus K is investigated (12.89% measurements, SNR=15 dB).
The results are obtained by averaging over 500 random trials
with random Gaussian noise and random target locations. The
horizontal line in Fig. 4 corresponds to the MAP algorithm
that is developed independently of the sparsity level K. As
demonstrated, compared with the other three algorithms, the
A-BIHT algorithm can consistently provide better performance
withK ≤ 20. The MSE and TCR values in Fig. 4 are the average
results of 500 Monte-Carlo random trials, different from those
in Fig. 3 of a single trial.

In our simulations, K = 12 is the true value of the sparsity
level of the imaging scene. Thus, the imaging result with K =
12 should show the best performance. In practical, however,
the true sparsity level of the imaging scene is always unknown.
There are two ways to select K: 1) search for the best value;
2) experimentally select a proper K. Since the former one is
computational expensive, the later one is preferred. In order to
fully image the observation scene, the sparsity levelK should be
relatively larger than 12 when K is unknown. As demonstrated
in Fig. 4,K = 20 can provide satisfactory MSE and TCR results.
Thus, the empirically selected K = 20 in Fig. 3 is reasonable
to achieve satisfactory imaging performance although K is not
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Fig. 4. Imaging performance versus the sparsity level K. (a) TCR. (b) MSE.
The MSE and TCR values in Fig. 4 are the average results of 500 Monte-Carlo
random trials, different from those in Fig. 3 of a single trial.

TABLE I
IMAGING PERFORMANCE UNDER DIFFERENT PARAMETER SETTINGS (K=20,

SNR = 15dB)

accurately estimated. Therefore, in the following simulations,
we set K = 20.

As mentioned in Section III.D, the parameters μ and β con-
troling the updating step sizes of the reconstructed imaging scene
and the quantization level parameter, respectively, can be tuned
properly to balance the convergence and the final imaging result.
In Table I, the convergence iteration numbers (indexed by q) and

Fig. 5. Imaging performance versus the total bit budget with K=20 and
SNR=15 dB. (a) TCR. (b) MSE. The proposed A-BIHT algorithm consistently
outperforms the other three algorithms under different bit budgets.

Fig. 6. The convergence of the proposed A-BIHT algorithm under the simu-
lated imaging scene.

the imaging results measured in TCR and MSE under different
parameter settings are investigated. The values calculated in
Table I are the average results over 500 random trails with
random Gaussian noise and target locations (K = 20, SNR =
15 dB, 12.89% measurements). According to the TCR and MSE
values calculated in Table I, the selection of μ = β = 0.01 in
Fig. 3 can reach good imaging qualities and good convergence
performance.
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Fig. 7. One-bit radar imaging results under the simulated scene (K = 20, SNR = 0 dB). (a) BP, TCR = 16.6427, MSE = -17.3857. (b) BIHT, TCR = 27.3461,
MSE = -38.3196. (c) AOP, TCR = 28.6604, MSE = -38.8124. (d) 1-bit MAP, TCR = 31.3853, MSE = -39.9681. (e) A-BIHT, TCR = 32.4540, MSE = -40.4159.
The results are shown in pseudo-color maps with different colors measuring the magnitudes in dB. The red boxes indicate the target areas. Note that all comparing
methods in (a)-(d) suffer significant artifacts. The proposed A-BIHT algorithm provides much better imaging quality with the fewest artifacts under low SNR
conditions.

Fig. 5 and Fig. 6 show the performance of A-BIHT method
under different bit budgets and the convergence of A-BIHT,
respectively, under the noise condition of SNR= 15 dB and spar-
sity level ofK = 20. The results are calculated by averaging over
500 Monte-Carlo experiments with random Gaussian noise and
target locations. As demonstrated in Fig. 5, A-BIHT consistently
outperforms BIHT as the bit budget changes. Since the MSE and
TCR metrics show consistent conclusions, we only show the
convergence performance of the proposed A-BIHT algorithm
in the TCR metric in Fig. 6. The A-BIHT method converges as
the iteration number increases, as shown in Fig. 6. Although
the convergence to global minimum cannot be theoretically
guaranteed, the imaging results show that the proposed method
can converge to a relatively good imaging performance.

Next, we set the SNR of the received data as 0 dB. In order to
compare the results with high SNR conditions, we generate the
one-bit radar imaging results of different methods under SNR
= 0 dB using the same specific imaging scene as described in
Fig. 2, and the results are shown in Fig. 7. Compared with the
results in Fig. 3 under SNR = 15 dB, the results in Fig. 7(b) - (d)
obtained by the BIHT, AOP, and the MAP algorithms suffer from
stronger artifacts. In contrast, Fig. 7(e) shows that the proposed
A-BIHT algorithm still provides a satisfactory imaging result
with superior artifact suppression performance under low SNR
conditions.

Fig. 8 shows the obtained imaging results versus the SNRs
of the received echo using 12.89% measurements (K = 20). In
Fig. 8, the SNR is set to range from -10 dB to 20 dB. For each
SNR, 500 random trials with random Gaussian noise and target
locations are implemented to get the average TCRs and MSEs.
In Fig. 8, the dashed lines are the results of different methods
under the noiseless condition. Under the noiseless condition, the
AOP algorithm reduces to the conventional BIHT algorithm. As
demonstrated in Fig. 8, the imaging performance of different
methods appears better as SNR increases, and the proposed A-
BIHT algorithm can always provide better imaging quality under
different SNRs. Under the noiseless condition, the proposed
A-BIHT algorithm with β = 0.01 shows slightly worse imaging
quality compared with the conventional BIHT algorithm, as
shown by the red dashed line. When we set a smaller value
of β, the A-BIHT algorithm provides a comparable imaging
performance to the BIHT algorithm, as indicated by the green
dashed line. The main reason lies on the effect of the quantization
level parameter λ, which relaxes the quantization consistency
condition. The relaxed quantization consistency condition with
λ will lead to an earlier output in less iterations under the
noiseless condition, with some entries still inconsistent, com-
pared with the conventional BIHT algorithm. Thus, the imaging
performance of the A-BIHT algorithm is slightly worse than
BIHT under the noiseless condition. According to the results in
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Fig. 8. Imaging performance versus SNR with 12.89% measurements. (a)
TCR. (b) MSE. The proposed A-BIHT algorithm can reach the best imaging
performance as SNR changes. Under the noiseless condition, the green dashed
line of A-BIHT with β = 0.001 has a comparable imaging performance to the
blue dashed line of BIHT. Thus, the blue dashed line of BIHT is almost covered
by the green dashed line of A-BIHT.

Table I and Fig. 8, we can see that choosing a larger value ofβ can
reach satisfactory imaging quality and convergence performance
under low SNR conditions. However, a smaller value of β is
preferred under the noiseless condition, which will relax the
quantization consistency condition to a smaller extent according
to (19), and thereby leading to comparable imaging performance
to the BIHT algorithm under the noiseless condition.

B. Real Measured Data Experiments

The real measured radar data are collected by the Radar Imag-
ing Laboratory of the Center for Advanced Communications
at Villanova University [37]. The imaging scene contains nine
different targets. The picture of the imaging scene and the ground
truth of the target locations are shown in Fig. 9. For radar
echo collecting procedure, a total of 69 antenna positions are
available. At each antenna position, measurements are collected
by a stepped-frequency radar at 201 frequencies between 2 GHz
and 3 GHz. In our experiments, the imaging scene is divided into
Pr × Px = 61× 41 pixels. In experiments, we set ε = 1e− 8
and Imax = 500, and choose a sparsity level of K = 70 which
is sufficient for fully reconstructing the nine target areas. In

Fig. 9. The real observation scene. (a) Picture of the real observation scene.
(b) The ground truth of the target distribution.

experiments, we select 35 antenna positions and 51 frequencies
uniformly from the total antenna positions and frequency points,
respectively, i.e., 12.87% of the full measurements are used with
a total bit budget of 2MrNr = 3570.

To properly choose the subgradient and gradient descent
step parameters μ and β, the TCRs are calculated in Table II
under different parameter setups. In Table II, the numbers of
convergence iterations are indicated by q. It is obvious that
choosing μ = 0.001 and β = 1 in A-BIHT can reach the best
imaging performance with the largest TCR value and a fast
convergence performance. Thus, in the following experiments,
we set μ = 0.001 and β = 1.

Fig. 10(a) shows the result obtained by the iterative hard
thresholding (IHT) algorithm using the raw echo data (8-bit data)
for reference. Fig. 10(b) - (f) show the one-bit radar imaging
results obtained by different algorithms. In experiments, the sign
flips of the received radar echo measurements are unknown.
Thus, an estimate of the sign flips should be first taken in
the AOP algorithm. The regions delimited by the red boxes in
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Fig. 10. Results of one-bit radar imaging with 12.87% measurements. (a) IHT with raw echo data (8-bit data), TCR = 23.0486. (b) BP, TCR = 13.2439. (c) BIHT,
TCR = 17.4400. (d) AOP, TCR = 21.6725. (d) 1-bit MAP, TCR = 21.2182. (e) A-BIHT, TCR = 22.4996. The imaging results are represented by pseudo-color
maps with the magnitudes measured in dB. The red boxes denote the expected target areas. The result in (f) obtained by the proposed A-BIHT algorithm has a better
imaging quality with more concentrated target areas, compared with (c) obtained by conventional BIHT method. Compared with (d) obtained by AOP algorithm,
the A-BIHT algorithm can achieve improved imaging performance without estimating the sign flips. Compared with (e) obtained by MAP method, the A-BIHT
method provides a cleaner background.

TABLE II
IMAGING PERFORMANCE UNDER DIFFERENT PARAMETER SETTINGS USING

REAL MEASURED DATA

Fig. 10 are the expected target areas. Compared with the result in
Fig. 10(c) obtained by BIHT algorithm, the proposed A-BIHT

algorithm can achieve a better image quality with fewer artifacts
and more concentrated target areas, as shown in Fig. 10(f). In
addition, the result in Fig. 10(f) obtained by A-BIHT algorithm
exhibits a closer imaging quality to the result in Fig. 10(a)
using raw measurements, compared with the result obtained by
BIHT algorithm. Although AOP and A-BIHT provide visually
similar results in Fig. 10(d) and Fig. 10(f), the A-BIHT algorithm
provides a higher TCR value of 22.4996 corresponding to better
imaging performance with more concentrated target areas. In
addition, the A-BIHT algorithm can achieve improved imaging
performance without estimating the sign flips. Compared with
the result in Fig. 10(e) obtained by the MAP algorithm, the result
in Fig. 10(f) obtained by the A-BIHT algorithm has a cleaner
background.

As shown in Table II, the A-BIHT algorithm converges fast.
Alghough compared with BIHT, the additional update steps in
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Fig. 11. TCR versus the total bit budget with the real measured radar data.

A-BIHT increase the computaional complexity of each A-BIHT
iteration, its fast convergence speed can reduce the total compu-
tational time. The computational time for obtaining the results
in Fig. 10(c) - (f) are 21.197 s, 19.912 s, 185.576 s and 1.976 s,
respectively. Compared with the AOP and MAP algorithms, the
proposed A-BIHT algorithm is more efficient. In addition, the
good imaging quality in Fig. 10(f) shows that the proposed
A-BIHT algorithm can converge to a good result, although
the convergence to global minimum cannot be theoretically
guaranteed.

The imaging performance of the proposed A-BIHT algorithm
versus the bit budget is shown in Fig. 11. As demonstrated in
Fig. 11, the performance of the proposed A-BIHT algorithm is
better when more measurements are used. In addition, the pro-
posed A-BIHT algorithm always outperforms the BIHT method
with higher TCRs under different bit budgets.

V. CONCLUSION

In this paper, a new A-BIHT method for one-bit radar imaging
is proposed to mitigate noise-induced artifacts and improve the
one-bit radar imaging performance, based on a novel adaptive
quantization level parameter scheme embedded into the BIHT
iteration framework. In the proposed A-BIHT algorithm, the
quantization level parameter and the reconstructed imaging
scene are updated in a cross-iterative fashion. The quantization
level parameter is adaptively updated to relax the quantization
consistency condition in each iteration to allow some inconsis-
tent entries induced by noise. In this way, the proposed A-BIHT
algorithm with relaxed quantization consistency condition can
mitigate noise, and therefore, suppress artifacts and improve the
imaging performance. Compared to conventional BIHT method,
the proposed A-BIHT algorithm introduces a quantization level
parameter and adaptively adjusts the quantization level parame-
ter, such that the imaging performance can be well improved. In
addition, the proposed A-BIHT algorithm can deal with noise
without the prior knowledge of the noise level in the received
one-bit measurements, which is required to mitigate noise in
some conventional algorithms such as the AOP algorithm. Sim-
ulation and experimental results demonstrate that the proposed
A-BIHT algorithm can provide improved imaging quality with
higher TCR compared to the conventional methods.
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