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Abstract— Holographic MIMO communications, enabled by
large-scale antenna arrays with quasi-continuous apertures, are
potential technology for spectrum efficiency improvement. How-
ever, the increased antenna aperture size extends the range of the
Fresnel region, leading to a hybrid near-far field communication
mode. The users and scatterers randomly lie in near-field and
far-field zones, and thus, conventional far-field-only and near-
field-only channel estimation methods may not work. To tackle
this challenge, we demonstrate the existence of the power diffusion
(PD) effect, which leads to a mismatch between the hybrid-field
channel and existing channel estimation methods. Specifically,
in far-field and near-field transform domains, the power of one
channel path may diffuse to other positions, thus generating fake
paths. This renders the conventional techniques unable to detect
those real paths. We propose a PD-aware orthogonal matching
pursuit (PD-OMP) algorithm to eliminate the influence of the
PD effect by identifying the PD range, within which the path
power diffuses to other positions. PD-OMP fits a general case
without prior knowledge of respective numbers of near-field and
far-field paths and the user’s location. Simulation results show
that PD-OMP can accurately estimate the channel when antenna
spacing is below half wavelength and outperform current state-
of-the-art hybrid-field channel estimation methods.

Index Terms— Holographic MIMO communication, channel
estimation, power diffusion, near-field communication.

I. INTRODUCTION

TO FULFILL the high spectrum efficiency requirement of
the future sixth-generation (6G) network [2], holographic

MIMO communication has been proposed as a promising
solution [3], [4], [5], where numerous antenna elements are
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integrated into a compact surface [6], [7], [8]. Potential imple-
mentation technologies include reconfigurable holographic
surfaces [9], [10], extremely large reconfigurable intelligent
surfaces [11], [12], [13], [14], and stacked intelligent sur-
faces [15]. Besides, far-field holographic MIMO channel
estimation is studied in [16], where the rank deficiency of
the spatial correlation matrix is exploited to optimize the least
square (LS) estimator. Due to the increased radiation aperture
size of the antenna array, the Fresnel region (radiating near-
field region of the antenna) is significantly enlarged [17]. As a
result, part of the users and scatterers lie in the near-field
region of the holographic antenna array [18], where the EM
waves are characterized by spherical waves [19], [20]. The
remaining users and scatterers are located in the far-field
region, and the EM waves can be modeled using uniform plane
waves. This gives rise to the so-called hybrid near-far field
communication [21], [22].

Channel estimation for hybrid-field communication can be
mainly grouped into three categories: conventional methods
such as LS and minimum mean square error (MMSE)-based
methods [23], deep learning-based methods [24], and com-
pressed sensing (CS)-based methods [21], [25], [26], [27].
Conventional methods require pilot signals to have at least the
same dimension as the channel. Hence, a large pilot overhead
is induced, especially for an extremely large antenna array.
Deep learning-based estimation methods have been studied
to reduce pilot overhead [24]. However, they may be limited
in transferability since data collection and model training are
required beforehand. In contrast, CS-based methods, such as
greedy-based algorithms [21], [25], and graphic-based algo-
rithms [27], which are transferable and demand pilot signals
much fewer than LS or MMSE, serve as potential solutions to
hybrid-field channel estimation.

Due to the modeling difference between near-field and
far-field EM wave propagation, conventional CS channel
estimation methods may not be directly applied to the hybrid-
field case, necessitating the development of new schemes.
Most existing works focus on either near-field channel esti-
mation [28], [29], [30] or far-field channel estimation [31].
In [28] and [31], the polar domain and angular domain channel
representation are proposed, respectively, to depict the charac-
teristics of the near-field and far-field channel models. Some
initial works [21], [25] consider the concept of a hybrid-field
channel. Channel estimation techniques are designed relying
on prior knowledge of the respective numbers of near-field
and far-field paths such that the near-field and far-field path
components are estimated separately [21], [25].
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However, there exists a power diffusion effect in the sparse-
signal-recovery-based hybrid-field channel estimation, which
deteriorates estimation accuracy and has not been effec-
tively addressed in the existing literature. Specifically, a high
coherence may exist between some near-field and far-field
steering vectors. Therefore, when a far-field (near-field) path
is transformed from the spatial domain into the polar domain
(angular domain), the power of this path component spreads
to multiple steering vectors and generates fake paths. Such
a high coherence also exists between some two near-field
steering vectors, so the power can spread likewise when a
near-field path is transformed from the spatial domain into
the polar domain. Such an effect leads to an inaccurate path
component estimation in the transform domain, which refers
to the polar domain and the angular domain. This inaccuracy
consequently causes estimation errors for the spatial-domain
hybrid-field channel.

In this paper, we investigate hybrid near-far field channel
estimation without any prior knowledge of the numbers of
near-field and far-field paths. Against this background, two
new challenges arise. First, it is non-trivial to distinguish the
far-field and the near-field paths in the hybrid-field case. The
boundary of the near-field and far-field regions is hard to
specify since it changes with the propagation direction of the
EM wave [32]. Second, due to the power diffusion effect, the
power of near-field paths and far-field paths is coupled. It leads
to inaccurate transform-domain path component estimation,
which urges efficient channel estimation schemes.

To cope with the above challenges, we develop a power-
diffusion-aware orthogonal matching pursuit algorithm (PD-
OMP) for hybrid near-far field multipath channel estimation.
The key idea of PD-OMP is two-fold. First, we observe that
the angular domain can only provide accurate information
about far-field path components, while the polar domain only
provides precise information about near-field path compo-
nents. Thus, we transform the spatial-domain hybrid-field
channel to a joint angular-polar domain, where the near-field
and far-field path components are successfully separated.
Second, we define the power diffusion range to quantify the
power diffusion from each path component to other positions.
We demonstrate that the power diffusion range of each path
is positively related to its power. Hence, by estimating the
magnitude, direction, and propagation distance of each path
component, the power diffusion range is calculated to identify
and eliminate the interference brought by the power diffusion
effect. In this way, the information on each path is extracted
regardless of the power diffusion effect, and the hybrid-field
channel is estimated accurately.

Our contributions are summarized below.

1) We analyze the power diffusion effect in the sparse-
signal-recovery-based hybrid-field channel estimation,
which leads to inaccurate transform-domain path com-
ponent estimation. It reveals why conventional far-field
and near-field sparse-signal-recovery-based channel esti-
mation methods cannot be directly applied to the
hybrid-field case. The power diffusion effect is also
quantified by the power diffusion range.

2) We develop a power-diffusion-aware hybrid-field chan-
nel estimation method (PD-OMP), which does not

require any prior information on the respective numbers
of far-field and near-field paths to perform channel
estimation. Employing an iterative CS-based method,
PD-OMP introduces the power diffusion range to
enhance the transform-domain path component esti-
mation, which differs from other hybrid-field channel
estimation techniques.

3) Simulation results show that the proposed PD-OMP
achieves higher accuracy than state-of-the-art hybrid-
field channel estimation techniques, given different
SNRs and pilot lengths. The influence of scatterer dis-
tribution and the power diffusion range on algorithm
performance are also discussed.

The rest of this paper is organized as follows. In section II,
the holographic MIMO communication scenario, the
hybrid-field channel model, and the signal model are
described. In Section III, we present the hybrid-field channel
characteristics in the joint angular-polar domain and analyze
the power diffusion effect. A hybrid-field channel estimation
method PD-OMP is proposed, and the Cramér-Rao Lower
Bound of the sparse-signal-recovery-based hybrid-field
channel estimation is derived in Section IV. In Section V,
simulation results are provided, and conclusions are drawn in
Section VI.

Throughout the paper, we use the following notation. Vec-
tors and matrices are represented by lower-case and upper-case
boldface letters, respectively. The writing X ∈ Ca×b means
that the size of X is a× b and each element of X is a
complex number. In addition, X(p, :) and X(:, p) denote the
p-th row and p-th column of the matrix X, respectively.
We use (·)T , (·)H and (·)† to denote the transpose, conjugate
transpose, and pseudo-inverse operation, respectively. | · |
is the absolute operator, Tr(·) is the trace operator, and
B(X1, . . . ,XN ) represents a block diagonal matrix generated
from matrices X1, . . . ,XN . card(A) denotes the number of
elements in set A.

II. SYSTEM MODEL

In this section, we first describe the holographic MIMO
communication scenario. The far-field and near-field path
modeling are then given, respectively, based on which the
hybrid-field channel model is presented. The signal model of
pilot signal transmission is also provided.

A. Scenario Description
As shown in Fig. 1, we consider an uplink communication

system. The base station (BS) is equipped with an extremely
large linear antenna array1 to communicate with a single-
antenna user, with the number of antenna elements and the
element spacing denoted by N and d, respectively. For a
holographic MIMO system, it is assumed that d ≤ λ/2, where
λ is the wavelength. We assume that the antenna elements
are connected via NRF < N radio frequency (RF) chains
such that the analog precoding scheme is employed at the
BS. The EM radiation field of the antenna array can be
divided into the near field and far field, as indicated in Fig. 1.

1The discussion on channel estimation in this paper is also applicable to
the case of a planar array.
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Fig. 1. Hybrid channel model with a linear holographic antenna array.

The boundary between these two fields depends on Rayleigh
distance, which is positively correlated with the size of the
antenna array [32]. Given the large size of the holographic
antenna array, the near-field region extends, leading to hybrid-
field communications, i.e., the user and scatterers can be
located in either the near field or the far field of the antenna
array.

B. Hybrid-Field Channel Model
Assume that the hybrid-field multipath channel from the

user to the antenna array at the BS consists of a line-of-sight
(LoS) path, denoted by path 0, and L − 1 non-line-of-sight
(NLoS) paths, denoted by paths 1, 2, . . . , L − 1. In the fol-
lowing, we refer to the LoS path as far-field (or near-field)
if the user lies in the far-field (or near-field) region of the
antenna array, and we refer to an NLoS path as far-field (or
near-field) if the scatterer corresponding to this path locates in
the far-field (or near-field) region of the antenna array. For the
hybrid-field channel, the L paths consist of both far-field and
near-field paths. We first present the model for the far-field
and near-field paths, respectively, which are then combined to
obtain the hybrid-field channel. For simplicity, we introduce a
Cartesian coordinate system, where the x-axis is perpendicular
to the linear antenna array, and the y-axis is aligned with the
antenna array. The location of the middle point of the antenna
array is set to be (0, 0), as depicted in Fig. 1.

1) Far-Field Path Modeling: For the user or the scatterer
located in the far field of the antenna array, the EM wave
of the far-field path received by the antenna array can be
approximated by a uniform plane wave. In this case, if path l
is a far-field path, where l is the index of path based on (6),
the model for this path is described as [33]

hF,l = gla(θl), (1)

where for the LoS path, i.e., l = 0, gl represents the channel
fading and θl is the angle between the x-axis and the direction
from the origin to the user. For the NLoS path, i.e., l ≥ 1,
gl is a random complex factor describing the joint impact of
scattering and channel fading, and θl is the angle between the
x-axis and the direction from the origin to the l-th scatterer.
a(θl) represents the far-field steering vector toward θl, i.e.,

a(θl) =
1√
N

[1, ejkd sin(θl), . . . , ejπk(N−1)d sin(θl)]T , (2)

where k = 2π
λ is the wavenumber of the EM signal.

2) Near-Field Path Modeling: When the user or the scat-
terer is located in the near field of the antenna array, we use a
spherical wave model to describe the wavefront of EM waves,
which is more accurate than the plane wave model. To capture
this feature, if path l is a near-field path, the model for this
path is described as [33]

hN,l = glb(θl, rl), (3)

where for the LoS path, i.e., l = 0, rl is the distance between
the origin and the user. For the NLoS path, i.e., l ≥ 1, rl is
the distance between the origin and the l-th scatterer. The term
b(θl, rl) is the near-field steering vector, expressed as

b(θl, rl) =
1√
N

[e−jk(r1,l−rl), . . . , e−jk(rN,l−rl)]
T
, (4)

where rn,l is the distance between the n-th antenna element
of the antenna array and the user or the l-th scatterer corre-
sponding to this path. The term rn,l can be written as

rn,l =
√

(rl cos θl)2 + (tnd− rl sin θl)2, (5)

where tn = 2n−N+1
2 and (0, tnd) is the coordinate of the n-th

antenna element.
3) Overall Hybrid-Field Channel Modeling: Among the L

paths, the set of the far-field and near-field paths from the user
to the antenna array is denoted by LF and LN , respectively,
i.e., L = card(LF ) + card(LN ). By combining near-field
path components and far-field components, the hybrid-field
multipath channel from the user to the BS is modeled as

hH =
∑
l∈LF

hF,l +
∑
l∈LN

hN,l. (6)

C. Signal Model
During uplink channel estimation, the user continuously

transmits pilot symbols to the BS for Q time slots. We assume
that the channel coherent time is longer than the Q time
slots so that channel state information (CSI) remains static
during channel estimation. After the analog beamforming, the
equivalent received pilot yq ∈ CNRF of the BS at time slot q
is denoted as

yq = WqhHx + Wqnq, (7)

where x is the transmitted pilot signal and Wq ∈ CNRF×N

is the beamforming matrix set at the BS. The term nq ∼
CN (0, σ2IN×N ) is zero-mean complex Gaussian additive
noise. The beamforming is configured with random phase
shifts because no prior CSI is available in the channel esti-
mation phase.

Based on (7), the received pilot signal at the BS over the
entire Q time slots can be written as

y = WhHx + n, (8)

where y = [yT
1 ,yT

2 , . . . ,yT
Q]T ∈ CNRF Q×1,

W = [WT
1 ,WT

2 , . . . ,WT
Q]T ∈ CNRF Q×N , and

n = [(W1n1)T , (W2n2)T , . . . , (WQnQ)T ]T ∈ CNRF Q×1.
Due to a large number of antenna elements N , it may

lead to a poor channel estimation accuracy if we view (8)
as a system of linear equations and solve the real part and
the imaginary part of each element in hH directly from (8)
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directly. This is because channel coefficients in hH out-
number the pilot signals, i.e., 2N > QNRF . Alternatively,
we can estimate the channel by distinguishing each path and
estimating the {real(gl), imag(gl), θl, rl} for each near-field
path and {real(gl), imag(gl), θl} for each far-field path based
on the received pilot signal y. Therefore, the total number
of parameters to be estimated is upper bounded by 4L.
Considering the limited number of multipath components at
the millimeter wave frequency [21], we have 4L < QNRF .
Therefore, a method to estimate the parameters of each path
should be developed instead.

III. CHARACTERISTICS OF HYBRID-FIELD CHANNEL

Because of the limited number of scatterers in the
millimeter-wave communication [21], we aim to reduce the
channel estimation overhead in (8) based on sparse signal
recovery techniques. In existing works such as [28] and [31],
sparse channel characteristics are revealed by transforming
channels to the angular domain (or polar domain) for the far-
field (or near-field) case. By exploiting the channel sparsity,
sparse-signal-recovery-based channel estimation algorithms
with low pilot overhead are designed [34].

However, in the hybrid-field case, if we apply the angular
domain (or polar domain) channel transform, a power diffusion
effect occurs. This effect indicates that the power of a path
spreads to other positions and causes multiple fake paths to
be detected. The non-orthogonality between the near-field and
far-field steering vectors is the reason for such an effect.
Thus, in the hybrid-field case, sparse channel representations
can no longer be obtained via either the angular-domain
transform or the polar-domain transform, which is shown
explicitly below. Therefore, we apply a joint angular-polar
domain channel transform, based on which the power diffusion
effect is quantified by the power diffusion range. The power
diffusion effect is then alleviated.

A. Introduction to Power Diffusion Effect

We first describe the angular-domain and the polar-domain
channel transform, where the power diffusion effect of the
hybrid-field channel is discovered. Next, the description of
such an effect is given.

1) Angular-Domain Transform: The far-field channel hF

given in (1) is a weighted sum of steering vectors a(θ) at
different propagation directions of the EM waves, as given
in (2). Therefore, a matrix FA can be designed to transform
a far-field channel hF only consisting of far-field paths to the
angular domain representation [35]:

hF = FAhA,F , (9)

where hA,F ∈ CM×1 is the angular-domain repre-
sentation of an arbitrary far-field channel hF . FA =
[a(θ1),a(θ2), . . . ,a(θM )] ∈ CN×M and a(θm), defined in (2),
denotes that far-field steering vector toward direction θm. Two
arbitrary steering vectors a(θm,1),a(θm,2) that constitute FA

should satisfy µ∆ degree of orthogonality, which is denoted
as,

|a(θm,1)Ha(θm,2)| ≤ µ∆, (10)

where µ∆ is the parameter to control the degree of orthogo-
nality. Besides, θm are chosen such that sin(θm) is evenly
distributed among (−1, 1) while satisfying (10), which is
denoted as

θm = arcsin
{

(2m− 1−M)
2M

}
, m = 1, . . . ,M, (11)

Note that for an antenna array with antenna spacing d,
the space dimension of far-field steering vectors {a(θ),∀θ}
is ⌊ 2dN

λ ⌋ [36]. Therefore, based on the CS theory [37], when
µ∆ = 0, M = ⌊ 2dN

λ ⌋ and FA forms an orthonormal basis for
the space of all a(θ),∀θ. When µ∆ > 0, M > ⌊ 2dN

λ ⌋ forms
an overcomplete dictionary. With an increased M , a refined
angle sampling is provided so that path components with
similar directions can be separated better. On the other hand,
an increased d leads to an increase in the computational
complexity.

2) Polar-Domain Transform: Similarly, a matrix FP con-
sisting of near-field steering vectors is designed to transform
a near-field channel hN only consisting of near-field paths to
its representation in the polar domain, denoted as

hN = FP hP,N , (12)

where FP is obtained by sampling both angles and distances
in the space and hP,N is the polar-domain representation of
an arbitrary near-field channel hN . Specifically,

FP = [FP,1,FP,2 . . .FP,S ] ∈ CN×MSP , (13)
FP,s = [b(θ1, rs,1),b(θ2, rs,2) . . .b(θM , rs,M )],

s = 1, . . . , SP , (14)

where the term b(θm, rs,m), defined in (4), is the near-field
steering vector toward position {θm, rs,m} and SP is the
number of submatrices in the near-field polar domain. The
main principle of the polar-domain codebook design is to
minimize the coherence between near-field steering vectors.
The angle θm is discretized in the same as the far-field angular
domain in (11). The design of distance is given as

rs,m =
N2d2(1− sin2(θm))

2sλβ2
∆

, s = 1, . . . , SP , m = 1, . . . ,M,

(15)

where β∆ is a parameter to limit the coherence between two
steering vectors at the same direction θm. SP is selected so
that the boundary between the radiative near-field region and
reactive near-field region is close to rSP ,m, θm = 0◦.

Based on (15), it can be concluded that an increased number
of submatrices SP will increase the area sampled by the
steering vectors because rS,m is inversely proportional to S
and (rS,m−r1,m) increases as S increases for each m. Besides,
parameter β∆ controls both the density and size of the area
sampled by FP . An increase in β∆ provides a small sampling
interval and a reduced area to be sampled.

3) Power Diffusion Effect: The Power diffusion effect refers
to the phenomenon that when a path component is trans-
formed from the spatial domain into the angular domain
or the polar domain, the power corresponding to this path
component spreads to other positions and generates fake
paths, which are represented by multiple steering vectors.
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Fig. 2. The angular-domain transform result of a hybrid-field channel
consisting of a far-field path and a near-field path.

Fig. 3. The polar-domain transform result of a hybrid-field channel consisting
of two far-field paths and a near-field path.

To demonstrate the power diffusion effect, in Fig. 2 we
illustrate the angular-domain representation of a hybrid-field
channel hH , which is defined in (6) and consists of a far-field
path and a near-field path. The polar-domain representation
of a hybrid-field channel consisting of two far-field paths and
one near-field path is shown in Fig. 3. They are obtained by

hA,H = |FH
A hH |, (16)

hP,H = |FH
P hH |. (17)

As shown in Fig. 2, the power of the near-field path is not
concentrated in one steering vector but spreads over multiple
far-field steering vectors in the angular-domain transform
matrix FA. Thus, multiple far-field steering vectors should
be jointly applied to describe the near-field path. Similarly,
in the polar domain, the far-field path should be described by
multiple near-field steering vectors, as shown in Fig. 3. Also,
it can be observed that the power diffusion effect exists for a
near-field path to be transformed to a polar-domain transform
matrix consisting of multiple submatrices, as depicted in
Fig. 3.

The power diffusion effect is caused by the high coherence
between two near-field steering vectors or the high coherence
between near-field and far-field steering vectors in the trans-
form domain. Formally, high coherence can be expressed as,

µp,q = |b(θp, rp)Hb(θq, rq)| > α, (18)

µr,q = |a(θr)Hb(θq, rq)| > α, (19)

where α is a positive constant, b(θp, rp) and b(θq, rq) are
two different near-field steering vectors as defined in (4), and

Fig. 4. The incorrect path detection result using 2-iteration OMP based on
Fig. 2. The error comes from the power diffusion effect.

Fig. 5. The incorrect path detection result using 3-iteration OMP based on
Fig. 3. The error comes from the power diffusion effect.

a(θr) and is a far-field steering vector as defined in (2). The
terms µp,q, µr,q denote the coherence between two steering
vectors. To quantify the power diffusion effect, we define the
power diffusion range as the range of steering vectors whose
coherence with the steering vector representing the path is
larger than a pre-defined threshold α.

Due to the power diffusion effect in the angular-domain
and polar-domain channel representation, the issue of inac-
curate transform-domain path component estimation arises,
which consequently causes errors in spatial-domain channel
estimation. We illustrate inaccurate transform-domain path
component estimation based on conventional OMP channel
estimation [37], as shown in Fig. 4 and Fig. 5. OMP aims
to search for L peaks in the transform-domain channel rep-
resentation, which represent the L path components of the
multipath channel. The estimation result of transform-domain
channel representation, consisting of the magnitude and corre-
sponding steering vectors for the L peaks, provides sufficient
information to restore the CSI.

However, the power diffusion effect causes multiple steering
vectors within the power diffusion range, more than L in
number, to carry channel information. For instance, in Fig. 2,
the steering vectors that provide information for the near-field
path are within the range of the ellipse. Since OMP only iden-
tifies L steering vectors, the steering vector representing the
far-field path is omitted, resulting in an inaccurate estimation
of the transform-domain path component, as shown in Fig. 4.
Besides, it can be observed from Fig. 5 that the near-field
path is correctly detected. However, due to the power diffusion
effect of the far-field paths, two steering vectors in the power
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Fig. 6. The illustration of steering vectors in the joint angular-polar domain
transform.

Fig. 7. The channel representation hJ,H in the joint angular-polar domain.

diffusion range are mistaken as two paths, and far-field path
1 is omitted by OMP.

B. Joint Angular-Polar Channel Transform

To solve the issue of inaccurate transform-domain path
component estimation, we transform the hybrid-field channel
to the joint angular-polar domain. Based on this domain,
the information of both far-field and near-field paths can be
explicitly extracted to eliminate the influence of the power
diffusion effect. The hybrid-field channel representation hJ,H

in the joint angular-polar domain is denoted as

hH = FJhJ,H . (20)

By defining FA,FP,1,FP,2 . . .FP,S as the submatrix of FJ ,
the joint angular-polar domain transform matrix FJ can be
expressed as [28]

FJ = [FA,FP,1,FP,2 . . .FP,SP
]. (21)

The far-field and near-field steering vectors contained in FJ

are illustrated in Fig. 6.
Based on hH , the joint angular-polar domain channel rep-

resentation of the hybrid-field channel is obtained by

hJ,H = |FH
J hH |. (22)

An example of a two-path hybrid-field channel representation
hJ,H is shown in Fig. 7. Based on Fig. 7, we obtain the
following two observations.

Observation 1: Based on the joint angular-polar domain
transform matrix FJ , for each of the L path components,

a peak in the joint angular-polar domain corresponding to
this path exists.

Observation 2: In the joint angular-polar domain channel
representation, for each peak, the magnitude of its peak is
larger than the magnitude of its power diffusion counterpart.
This is because, among all steering vectors in FJ , the steering
vector representing the peak is most correlated with the
steering vector representing the path.

Based on the above observations, a novel channel estima-
tion method involving L̂ iterations is developed. Specifically,
in the l-th iteration, given Observation 1 and Observation 2,
a steering vector representing the peak can be found in the
joint angular-polar domain channel representation, indicating
that a path component is detected. Thus, the estimation of the
direction and distance of this path is obtained, and the power
diffusion range of the detected path (shown as red ellipses in
Fig. 7) can be further determined via calculation, which will
be described in Section IV. By identifying and eliminating
the interference caused by steering vectors within the power
diffusion range of the previously detected paths, the (l+1)-th
iteration can be performed to detect the corresponding steer-
ing vector without being influenced by the power diffusion.
Consequently, this approach resolves the issue of inaccurate
transform-domain path component estimation and provides
a high-resolution approximation for the joint angular-polar
domain channel representation ĥJ , thereby enhancing the
channel estimation accuracy. The details of the proposed
channel estimation method will be elaborated in Section IV.

IV. HYBRID-FIELD CHANNEL ESTIMATION ALGORITHM

In this section, we first propose a hybrid-field channel esti-
mation algorithm without prior knowledge of the respective
numbers of near-field and far-field paths. We then analyze the
computational complexity of the algorithm and the Cramér-
Rao Lower Bound (CRLB) of the channel estimation problem
in the form of sparse signal recovery.

A. Algorithm Design

We design a new hybrid-field power-diffusion-aware OMP
channel estimation algorithm (PD-OMP), which considers the
aforementioned power diffusion effect to improve estimation
accuracy. The key procedures of PD-OMP are performed in
iteration as follows.

1) Path detection (Step 4): Identify the steering vector
that exhibits the highest correlation with the residual
pilot signal R for detecting a path. R is obtained by
subtracting the projection of detected paths from the
received pilot signal.

2) Power diffusion range identification (Step 5): Generate
the power diffusion range of the newly detected path.

3) Residual signal update (Steps 6-8): Eliminate the pro-
jection of the newly detected path in the residual signal.
The identified power diffusion effect is also removed.

1) Initialization: The PD-OMP is first initialized in Steps
1-3. In Step 1, to explicitly reveal the peaks of all far-field
and near-field path components of the hybrid-field multipath
channel, we generate the transform matrix FJ for the joint
angular-polar domain according to its definition in (21).
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Algorithm 1 Hybrid-Field Channel Estimation Using
PD-OMP
Input: Received pilot signal y, power diffusion detection threshold

α, number of submatrices SP of FP , total number of paths L̂,
beamforming matrix W.

1: Step 1. Generate the hybrid-field transform matrix FJ with S
based on (21).

2: Step 2. Calculate the pre-whitening matrix D.
3: Step 3. Set the equivalent measurement matrix as Φ =

D−1WFH . Initialize the support set Γ = {∅} and the
residual signal R = D−1y.

4: for l = 1, 2, . . . , L̂ do
5: Step 4. Detect the i∗l -th steering vector to represent path l

based on (26) and obtain the corresponding direction and
distance {θi∗

l
, ri∗

l
}.

6: Step 5. Generate the power diffusion range Γl for path l with
Algorithm 2.

7: Step 6. Update the support set Γ = Γ ∪ Γl.
8: Step 7. Estimate the sparse channel representation ĥJ,H =

{Φ(:, Γ)}†y.
9: Step 8. Update the residual signal as (27).

10: end for
11: Step 9. Compute the estimated CSI as (28).
Output: The estimated CSI ĥH .

We notice that the noise n in the received pilot signal is
time-correlated because of the analog beamforming at the BS.
Consequently, after being transformed to the joint angular-
polar domain, the power of noise is unevenly distributed
among the steering vectors in FJ . In this way, a false
projection ĥJ,H of the received pilot signal on the steering
vectors in FJ will be calculated in Step 7 of PD-OMP, which
results in an inaccurate channel estimation. Therefore, a noise
whitening procedure to generate a time-uncorrelated noise is
applied in Step 2 and Step 3. In Step 2, to whiten the noise
in the received signal, we calculate the pre-whitening matrix
D based on the beamforming matrix. To be specific, D is
obtained by decomposing the covariance matrix of noise with
Cholesky factorization, which is denoted as,

C = σ2DDH . (23)

The covariance matrix of noise is computed as [38]

C = σ2B(W1WH
1 ,W2WH

2 , . . . ,WQWH
Q ), (24)

where B(·) represents the generation of a block diagonal
matrix and Wq is the beamforming matrix of the q-th time
slot.

In Step 3, we set the equivalent measurement matrix as

Φ = D−1WFJ , (25)

where Φ transforms the pilot signal to the joint angular-polar
domain in Step 4.

2) Main Body: After the initialization stage, L̂ iterations
are performed to find the steering vectors corresponding to L̂
path components2 Specifically, in Step 4, we first transform
the residual signal to the joint angular-polar domain and then

2L̂ is a typical value of the total number of multipath components and
does not necessarily equal the real L. The value of L̂ can be chosen based
on different scenarios and operating frequency bands [39], [40].

Algorithm 2 Power Diffusion Range Generation for Path l

Input: Hybrid-field transform matrix FJ , the normalized magnitude
and steering vector index of the l-th path {m̄l, i

∗
l }, power diffusion

detection threshold α.
1: Initialize the power diffusion range Γl = {∅}.
2: for s = 0, 1, . . . , SP do
3: for ∆i = 0, 1, . . . , M/2 do
4: i1 = sM + modM (i∗l + ∆i).
5: i2 = sM + modM (i∗l −∆i).
6: µ1 = |Fj(:, i

∗
l )

HFj(:, i1)|.
7: µ2 = |Fj(:, i

∗
l )

HFj(:, i2)|.
8: if µ1 ≥ α/m̄l then Γl = Γl ∪ {i1}.
9: if µ2 ≥ α/m̄l then Γl = Γl ∪ {i2}.

10: if µ1 < α/m̄l and µ2 < α/m̄l then Break.
11: end for
12: end for
Output: Power diffusion range Γl for the path l.

detect a new steering vector as

i∗l = arg max
i

|Φ(:, i)HR|2, (26)

which indicates that the residual signal R has the strongest
correlation with the i∗l -th steering vector in FJ . In this way,
a path is detected, and we would like to point out that the
direction and distance {θi∗l

, ri∗l
} associated with the i∗l -th

steering vector is the estimation result for the propagation
direction and distance of the newly detected path.

Given {θi∗l
, ri∗l

} as well as the power of the newly detected
path, the power diffusion range Γl of this path is generated
using Algorithm 2 in Step 5, which will be presented in
Section IV-A3. The overall support set Γ is then updated with
the union of Γl in Step 6. The channel representation ĥJ,H is
estimated with the least square method in Step 7. The residual
signal is updated by removing the projection of the detected
paths in the received pilot signal in Step 8 as

R = y −Φ(:, Γ)ĥJ,H . (27)

In this way, the power of the already detected paths, including
the diffused power of these paths, is first estimated based on
the least square method as {Φ(:, Γ)}†y, and is then removed
from the residual pilot signal. The disturbance of the power
diffusion effect on channel estimation is eliminated. Finally,
in Step 9, the iteration is terminated, and the hybrid-field
channel is recovered as

ĥH = FJ ĥJ,H . (28)

The proposed PD-OMP channel estimation algorithm is sum-
marized in Algorithm 1.

3) Identifying the Power Diffusion Range: In Step 5, the
power diffusion range of the detected path is generated using
Algorithm 2. Specifically, the coherence between two steering
vectors that are close to each other in direction is generally
larger than the coherence between two steering vectors that
differ greatly from each other in direction. Hence, to reduce
the computational complexity of calculating the coherence,
we start by computing the coherence between the i∗l -th steering
vector and the steering vector which is in each submatrix of
FJ and has the same direction as the i∗l -th steering vector, i.e.,
the permitted variation in direction ∆i = 0. Each submatrix
of FJ represents a way of sampling the space with a series of
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Fig. 8. The illustration of power diffusion range generation based on
Algorithm 2.

steering vectors. The criterion for checking whether the i-th
steering vector is in the power diffusion range is given as

µi∗l ,i ≥
α

m̄l
, (29)

where α is the power diffusion detection threshold and 0 ≤
α ≤ 1. µi∗l ,i is the coherence between the i-th and i∗l -th
steering vectors. m̄l is the normalized magnitude of the l-th
detected path and is defined as

m̄l =
ml

maxl ml
=

ml

m1
=

maxi |Φ(:, i)HR|
m1

, (30)

where m1 is the magnitude of the first detected path.3 The
magnitude of each path is normalized and is introduced
into (29) because the magnitude variation of each path should
be considered to limit the power diffusion range of weak
paths. If a steering vector satisfies (29), this steering vector
carries information about the detected path and is therefore
added to the power diffusion range. To generate the complete
power diffusion range, the permitted variation in direction,
represented as ∆i, expands in each submatrix until it violates
the criterion (29), as shown in Fig. 8. After we iterate
through all the submatrix of FJ , the power diffusion range
for the detected path is generated with a smaller computational
complexity than calculating the coherence between the i∗l -th
steering vector and each steering vector in FJ .

Based on (29), a smaller α indicates a wider power diffusion
range is considered. On the one hand, by applying a large α,
the steering vector representing a path with magnitude is likely
overlooked. On the other hand, small α gives rise to an exten-
sive power diffusion range, which introduces noise into the
estimation result. Therefore, a trade-off of channel estimation
accuracy exists for α. The relationship between α and the size
of the power diffusion range will be analyzed in Section IV-C,
and the effect of α on the performance of PD-OMP will be
investigated through simulation in Section V-G.

B. Computational Complexity Analysis

The computational complexity of Algorithm 1 mainly
comes from Step 5 and Step 7. The size of matrices or
vectors used in PD-OMP is given as D ∈ CNRF×NRF ,
Φ ∈ CQNRF×M(SP +1), R ∈ CQNRF×1, y ∈ CQNRF×1 and
ĥJ ∈ CM(SP +1)×1.

3Since PD-OMP detects the steering vector with the largest magnitude in
each iteration, maxl ml = m1.

For Step 3, because the matrix inversion can be per-
formed offline, we focus on the complexity of matrix
production, which is O((QNRF )2). The complexity for
Step 4, including the matrix product and the maximizing
operation, is O(ML̂(SP + 1)(QNRF + 1)). For Step 5,
the computational complexity for coherence calculation is
O(N). Hence, the process of power diffusion range gener-
ation requires a complexity of O(Ncard(Γ)), where card(·)
denotes the number of elements for a given set. Step 6 has
a O(L̂) complexity. Step 7, 8, 9 have the computational
complexity of O(QNRF (card(Γ))2), O(QNRF card(Γ)) and
O(Mcard(Γ)), respectively, in each iteration. Considering the
large dimension of the antenna array, we have N > QNRF .
The computational complexity of PD-OMP is O((SP +
1)ML̂QNRF ) +O(Ncard(Γ)) +O(QNRF L̂(card(Γ))2).

C. Power Diffusion Range Analysis

Since the size of the power diffusion range, i.e., card(Γ),
directly affects the computational complexity of PD-OMP,
we analyze the influence of power diffusion detection thresh-
old α on card(Γ). A closed-form relationship between
card(Γ) and α is intractable because the criterion (29) needs
to be checked for each steering vector in the transform matrix
FJ to generate Γ. Since the total power diffusion range can
be approximated by the sum of the power diffusion range of
each path component in each submatrix, i.e.,

card(Γ) ≈
L∑

l=1

SP∑
s=0

card(Γl,s), (31)

we can obtain an approximation for card(Γl,s) as follows.
Lemma 1: If a path component, which is represented by

a steering vector b(θp, rp), is transformed based on a sub-
matrix FJ,s = [b(θ1, rs,1),b(θ2, rs,2), . . . ,b(θM , rs,M )],
the sum of squares of all transform result components∣∣b(θm, rs,m)Hb(θp, rp)

∣∣ , m = 1, 2, . . . ,M approximates to
1 if M = N . In other words, the transform-domain represen-
tation of this path component satisfies

M∑
m=1

∣∣b(θm, rs,m)Hb(θp, rp)
∣∣2 ≈ 1, M = N. (32)

Proof: See Appendix A. □
Proposition 1: The size of a power diffusion range for a

path l, i.e., card(Γl), can be approximated as a piece-wise
function of α:

card(Γl) ≈
SP−S0+1∑
s=−S0+1

ϵ(m̄lµl(s)− α)
(µl(s))2

, (33)

where ϵ(x) = 1 if x ≥ 0 and ϵ(x) = 0 if x < 0. Here S0 is the
index of the submatrix containing the detected i∗l -th steering
vector obtained by (26), and µl(s) is the coherence between
two steering vectors that are in the same direction but are in
the submatrices of FJ,S0 and FJ,S0+s, respectively:

µl(s) =
1
N

∣∣∣∣∣∣
(N−1)/2∑
(1−N)/2

ejkn2d2sρ

∣∣∣∣∣∣ , (34)
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Fig. 9. The illustration of the rectangle approximation of power diffusion
range.

where ρ is a parameter for polar-domain transform matrix
design.

Proof: According to the simulation result shown in
Fig. 9, the power of a detected path concentrates on a few
steering vectors around the direction of the detected path.
Hence, we apply a rectangle to approximate the power dif-
fusion effect in the (s−S0)-th submatrix such that card(Γl,s)
is approximately equal to the width of the rectangle ∆D.
We set the steering vector, which has the same direction as
the detected i∗l -th steering vector, to be the midpoint of the
rectangle. The height of the rectangle is therefore set as µl(s).
According to Lemma 1, we have

card(Γl,s) ≈ ∆D ≈ 1
(µl(s))2

M∑
m=1

∣∣b(θm, rs,m)Hb(θp, rp)
∣∣2

≈ 1
(µl(s))2

. (35)

Since the normalized magnitude of each path is considered
in the criterion of power diffusion range (29), condition
m̄lµl(s) ≥ α is introduced to limit the power diffusion range,
which concludes the proof.

□
Based on Proposition 1, if M = N , the relationship between
the support set Γ and the power diffusion detection threshold
α is given as

card(Γ) ≈
L∑

l=1

SP−S0+1∑
s=−S0+1

ϵ(m̄lµl(s)− α)
(µl(s))2

. (36)

D. Cramér-Rao Lower Bound Analysis

The CRLB bound serves as a theoretical lower bound
of MSE to evaluate the performance of channel estimation
algorithms. We first derive the CRLB for the estimation of
sparse channel representation ĥJ,H . Then we obtain the CRLB
for the spatial-domain hybrid-field channel ĥH based on ĥH =
FJ ĥJ,H .

Lemma 2: The CRLB for the estimation of sparse channel
representation ĥJ is given as [41]

E
{
∥ĥJ,H − hJ,H∥22

}
= σ2Tr

((
ΦH

hJ,H
ΦhJ,H

)−1
)

, (37)

where ΦhJ,H
∈ CQNRF×card(Γ) is a matrix composed of

columns of Φ indexed by the indices of true support set of
hJ,H .

Since Rank(ΦH
hJ,H

ΦhJ,H
) = card(Γ), (37) can be further

written as

Tr
((

ΦH
hJ,H

ΦhJ,H

)−1
)

=
card(Γ)∑

i=1

λ−1
i , (38)

where λ1, λ2, . . . λcard(Γ) are the eigenvalues of ΦH
hJ,H

ΦhJ,H
.

The coherence of Φ is defined as

µΦ = max
i ̸=j

|ϕH
i ϕj |, (39)

where ϕi and ϕj are the i-th and j-th column of Φ, respec-
tively, and have the following forms:

ϕi = D−1Wfi, (40)

ϕj = D−1Wfj , (41)

where fi and fj are the i-th and j-th column of FJ , respec-
tively. According to the Gershgorin Disc Theorem [42] as
well as the fact that ΦH

hJ,H
ΦhJ,H

is a positive semidefinite
matrix, the eigenvalues of ΦH

hJ,H
ΦhJ,H

are real and lie in the
range of [max{1− card(Γ)µΦ, 0}, 1 + card(Γ)µΦ]. There-
fore, we have

E
{
∥ ˆhJ,H − hJ,H∥22

}
≥ σ2card(Γ)

1 + card(Γ)µΦ
. (42)

Since ϕi and ϕj is obtained by the randomly generated
beamforming matrix W, as shown in (40) and (41), µΦ is a
random variable with respect to W. Here, we derive an upper
bound on the expectation of µΦ.

Lemma 3: The upper bound for the expectation of µΦ with
respect to W is given as,

E {µΦ} <
QNRF

N
. (43)

Proof: See Appendix B. □
Based on Lemma. 3, we have

E
{
∥ĥJ,H − hJ,H∥22

}
≥ σ2card(Γ)

1 + card(Γ)µΦ

≈ σ2card(Γ)
1 + card(Γ)E {µΦ}

>
σ2card(Γ)

1 + card(Γ)QNRF

N

. (44)

Given hH = FJhJ,H , we have the following proposition.
Proposition 2: The CRLB for the estimated hybrid-field

multipath channel ĥ is given as

E
{
∥ĥH − hH∥22

}
≥ σ2card(Γ)

1 + card(Γ)QNRF

N

(σmin(FJ))2, (45)

where σmin(FJ) denotes the smallest singular value of FJ .
Proof: See Appendix C. □

Based on the above formula for CRLB, it is observed that
the increase in the number of RF chains and pilot length can
reduce the CRLB. This is reasonable as additional RF chains
and pilot signals can provide more information on the hybrid-
field channel, thus improving the estimation accuracy. Besides,
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the increase in antenna numbers, which indicates that more
parameters must be estimated, increases the CRLB. The rise in
power diffusion range size card(Γ) also increases the CRLB.

V. SIMULATION RESULTS

In this section, we evaluate the performance of our pro-
posed channel estimation algorithm PD-OMP in terms of the
normalized mean square error (NMSE). The NMSE is defined
as

NMSE = E

{
∥ĥH − hH∥22
∥hH∥22

}
, (46)

which is the expectation of the square of the relative estimation
error. Besides, the influence of power diffusion detection
threshold α on the performance of PD-OMP is investigated.

A. Parameter Setting
In the simulation, we consider the case where an antenna

array at the working frequency of 30 GHz is equipped with
200 antenna elements, and the element spacing is set as d =
λ/4 or d = λ/8. The number of RF chains is set as NRF = 10.
The number of paths in the multipath channel is set as L = 7.
The distance and angle of the user and scatterers to the origin
satisfy the uniform distribution. The distance for near-field and
far-field scatterers are within the range of (10m, 50m) and
(200m, 300m), respectively. The angle of all paths are within
the range of (−60◦, 60◦). The joint factor of channel fading
and scattering gl of NLoS path satisfies circularly symmetric
complex Gaussian distribution of CN (0, 1). For the LoS path,
gl = 1. Each element of the beamforming matrix W is
randomly chosen from { 1√

N
,− 1√

N
} with equal probability.

The number of submatrices is set as SP = 4. The power
diffusion detection threshold α reaching the minimum NMSE
is chosen in the simulation.

In the simulation, we calculate the normalized CRLB of
CS-based hybrid-field channel estimation, which is denoted
as

CRLB =
σ2card(Γ)

(1 + card(Γ)QNRF

N )∥hH∥22
. (47)

To evaluate the performance of PD-OMP, we also compare it
with the basic MMSE algorithm and five OMP-based channel
estimation algorithms, i.e.,

1) MMSE [23]: A basic estimation method that applies the
SNR and the spatial correlation matrix to minimize the
mean square error of channel estimation.

2) NPD-OMP [28]: Estimate the far-field and near-field
path components simultaneously with joint angular-polar
domain transform.

3) Far-OMP [31]: Only apply the far-field angular-domain
transform (9). The polar-domain transform is not con-
sidered compared with PD-OMP.

4) HF-OMP [21]: Require the numbers of near-field and
far-field paths as prior information. The far-field path
components are estimated first, then near-field path
components are estimated.

5) SD-OMP [25]: Require the numbers of near-field and
far-field paths as prior information. The far-field path

Fig. 10. The NMSE performance versus SNR. Antenna spacing d = λ/4.

Fig. 11. The NMSE performance versus SNR. Antenna spacing d = λ/8.

components are estimated first. Then, near-field path
components are estimated. The far-field path power
diffusion is considered because SD-OMP includes addi-
tional E far-field steering vectors whose directions are
close to the detected far-field steering vector’s direction
in OMP.

It should be noted that none of the comparing algorithms
consider the power diffusion effect in different submatrices
as proposed in PD-OMP. The path spilt ratio is set as 0.5 for
HF-OMP and SD-OMP.

B. Influence of SNR on Algorithm Performance
Fig. 10 and Fig. 11 demonstrate the NMSE performance

of different estimation algorithms versus SNR for antenna
spacing d = λ/4 and d = λ/8, respectively. Compared
with HF-OMP or SD-OMP, which requires the numbers of
near-field and far-field paths as prior knowledge, PD-OMP can
estimate the channel more accurately without the prior knowl-
edge of path distribution, demonstrating the effectiveness of
the proposed algorithm. This is because PD-OMP applies the
joint angular-polar transform matrix, which can capture both
the far-field and near-field features of the channel. The NMSE
of PD-OMP is lower than that of NPD-OMP, which shows the
necessity of considering the power diffusion range in the sup-
port set. Besides, PD-OMP enjoys superiority over benchmark
algorithms when the SNR is closer to 20 dB. This is because,
at a higher SNR, the power diffusion range can be estimated
more accurately, which PD-OMP then utilizes to compensate
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Fig. 12. The NMSE versus SNR for different L̂ and different NRF .

Fig. 13. The NMSE performance versus the pilot length Q. Antenna spacing
d = λ/4.

for the performance degradation caused by the power diffusion
effect. In contrast, none of the existing algorithms consider the
power diffusion effect. Moreover, an enhancement in accuracy
is obtained by using the overcomplete dictionary rather than
the orthonormal basis in PD-OMP.

We also calculate the CRLB to evaluate the theoretical
performance of PD-OMP. We observe that in Fig. 10 CRLB is
larger than the NMSE when SNR ≤ 8 dB, which shows that
CRLB is valid for PD-OMP only at a high SNR regime. This
is because CRLB gives a theoretical lower bound for unbiased
estimators. However, OMP is a biased estimator [43] and the
bias is not negligible at a lower SNR regime.

Fig. 12 demonstrates the NMSE performance of proposed
PD-OMP for different L̂ and different NRF . As can be
observed from Fig. 12, increased NRF leads to more accurate
channel estimation because more pilot signals can be used
for channel estimation with a higher NRF . Besides, when
SNR ≥ 15 dB, the estimation accuracy is reduced when
L̂ < L and changes slightly when L̂ > L. The proposed
PD-OMP estimates the channel more accurately than MMSE
for NRF < L and NRF = L.

C. Influence of Pilot Length on Algorithm Performance
Fig. 13 presents the NMSE performance of different algo-

rithms with the increase of pilot length Q. PD-OMP can
achieve the lowest NMSE among all benchmark methods for

TABLE I
COMPLEXITY COMPARISON OF DIFFERENT CHANNEL ESTIMATION

ALGORITHMS FOR d = d

different Q. In other words, PD-OMP requires a small pilot
length to achieve the same estimation accuracy. For instance,
to reach an NMSE of −5.8 dB, PD-OMP only requires
Q = 8 while MMSE requires Q = 20. Besides, the gaps of
NMSE between PD-OMP and benchmark methods increase
with Q. This is because more pilot signals can provide more
information on the channel so that for PD-OMP, the power
diffusion range can be generated more accurately to help
channel estimation.

D. Influence of Scatterer Distribution
The scatterer distribution is defined as the split ratio γ =

card(LN )/L, which represents the ratio of the near-field path
numbers card(LN ) to the total multipath numbers L. The
mean, standard deviation, maximum, and minimum of NMSE
concerning γ are applied to evaluate whether algorithms are
robust to the variation of the split ratio. The mean and standard
deviation of NMSE are calculated by

NMSE =

∑
γ∈Ξ NMSEγ

Card(Ξ)
, (48)

σNMSE =

√∑
γ∈Ξ(NMSEγ −NMSE)2

Card(Ξ)
, (49)

where Ξ = {0, 0.1, . . . , 1} and NMSEγ denotes the NMSE
performance obtained by PD-OMP given the split ratio γ. The
simulation parameters are set as L = 10, SNR = 10 dB, and
Q = 10.

It is observed from Table II that PD-OMP achieves the
lowest mean estimation error among all benchmark algorithms
and the lowest standard deviation of estimation error among all
OMP-based benchmark algorithms. It is noted that the MMSE
method obtains a lower standard deviation than PD-OMP
because MMSE employs the statistical information of the
channel to assist channel estimation. Besides, the PD-OMP has
the smallest maximum NMSE among all methods. Hence, PD-
OMP is robust to the change of split ratio in the hybrid-field
wireless communication scenario, demonstrating its stability
against the scatterer distribution variation.

E. Advantage of Joint Angular-Polar Domain Channel
Transform

To demonstrate the necessity of applying joint angular-polar
domain channel transform instead of the polar-domain channel
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TABLE II
MEAN AND STANDARD DEVIATION OF NMSE WITH RESPECT TO γ FOR DIFFERENT ALGORITHMS

Fig. 14. The NMSE performance of PD-OMP and Near-PD-OMP with
different numbers of submatrices in the transform matrix.

transform in the hybrid-field channel estimation, we compare
the performances of two transforms in Fig. 14. The curves
“Polar Domain SP = 5” and “Polar Domain SP = 8”
are obtained with a channel estimation method that replaces
the joint angular-polar domain transform in PD-OMP with
the polar-domain transform. We use SP and SJ to denote
the number of submatrices in the near-field polar domain
transform-domain matrix and the joint angular-polar domain
transform matrix, respectively. A larger SP or SJ indicates
that a larger area is sampled with near-field steering vectors,
which induces a higher computational complexity.

As shown in Fig. 14, when we set SJ = SP = 5 for
both transform matrices, i.e., the computational complexity for
two algorithms based on different transform matrices are the
same, the NMSE of the joint angular-polar domain transform
is smaller than the polar-domain transform. Compared with
the polar-domain channel transform (SP = 8), the joint
angular-polar domain channel transform (SJ = 5) saves 37.5%
computational complexity while achieving a similar NMSE
performance. Hence, the joint angular-polar domain can help
balance the estimation accuracy and the computational com-
plexity.

F. Influence of Transform Matrix Design on Algorithm
Performance

Here, we analyze the impact of the distance sampling in
the joint angular-polar domain on the algorithm performance.
According to the distance sampling method (15) for the joint
angular-polar domain transform matrix FJ , the increase of
submatrices number SJ can enlarge the area to be sampled
by FJ , while an increased β∆ will provide a more densely
sampled near-field region.

Fig. 15. The NMSE performance versus propagation distances of near-field
paths for different SJ .

Fig. 16. The NMSE performance of PD-OMP of different α versus SNR.

In Fig. 15, we demonstrate the NMSE performance of
PD-OMP versus propagation distances of near-field paths rn

for different numbers of submatrices SJ at SNR = 15 dB.
SJ = 6 can lead to the best estimation accuracy when
rn = 5 m. This is because the region closer to the antenna
array is sampled by FJ as SJ grows. However, for rn ≥ 10m,
SJ = 4 achieves the best estimation accuracy.

G. Influence of Power Diffusion Detection Threshold α on
Algorithm Performance

Power diffusion detection threshold α ∈ (0, 1] decides the
considered power diffusion range in PD-OMP, which affects
the estimation accuracy and the computational complexity of
PD-OMP.

In Fig. 16, how the NMSE of PD-OMP changes with
the SNR and the power diffusion detection threshold α is
investigated. The NMSE reduces as the SNR increases for
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Fig. 17. The NMSE performance and computational complexity versus the
number of sampled angles M .

different α. Besides, with the increase of SNR, PD-OMP with
a decreased α can achieve the lowest NMSE. This is because
the inaccurate transform-domain path component estimation is
alleviated by applying a smaller α for a high SNR. However,
if the SNR is low, a falsely included power diffusion range will
introduce additional noise to the estimation result and worsen
the NMSE performance. Therefore, Fig. 16 reveals that when
the SNR is low, a high α should be selected to limit the range
of power diffusion to improve the channel estimation accuracy.

H. Influence of Sampled Angles M on Algorithm
Performance

In Fig.17, we demonstrate the NMSE of PD-OMP and the
computational complexity of PD-OMP concerning the number
of Sampled Angles M ∈ [N/2, N ]. The dimension of compu-
tational complexity is based on the analysis in Section IV-B.
First, a trade-off between the estimation accuracy and compu-
tational complexity is revealed. A higher estimation accuracy
is achieved with the increased number of sampled angles. This
is because a larger M provides a more refined angle sampling,
so the direction of paths is estimated more accurately. Besides,
the dimension of computational complexity grows with M .
Second, it is observed that with the increase of path number,
both computational complexity and NMSE increase. This is
because additional paths lead to an increasingly complicated
multipath channel, and a wider power diffusion range has to
be estimated, which gives rise to higher estimation errors and
additional calculations.

I. Extending PD-OMP to Planar Arrays

The proposed PD-OMP can be further extended to the
planar array scenario, which can be seen as multiple layers
of horizontal linear arrays. Therefore, the channel estimation
for a planar array can be decomposed into channel estimation
for different linear arrays, and an intuitive three-step estimation
method is designed. In Step 1, PD-OMP is performed for each
layer independently. In Step 2, the joint sparsity of the channel
is exploited, as a scatterer can create path components for each
layer. We refine the steering vectors in the support set based on
the steering vectors’ appearance frequency in the support sets

Fig. 18. The NMSE performance versus SNR in the case of planar array
channel estimation.

of all layers obtained from Step 1. In Step 3, a least square
estimation based on the refined support set is performed to
estimate the channel.

Fig. 18 illustrates the NMSE performance of PD-OMP
versus SNR in the case of planar array channel estimation,
where a 10×100 planar array is considered. It can be observed
that the three-step channel estimation method can achieve a
higher channel estimation accuracy than baseline algorithms.
Besides, compared with the independent estimation result
based on Step 1, the support set refinement process is effective
in increasing the estimation accuracy for PD-OMP.

VI. CONCLUSION

In this paper, we investigated the hybrid-field multipath
channel estimation in holographic MIMO communications.
We first identified the issue of inaccurate path component
estimation, which led to inaccurate channel estimation if the
conventional far-field or near-field channel estimation methods
were applied to the hybrid-field case. We revealed that the
reason came from the power diffusion effect that the power
of each path diffused to other positions. In consequence,
fake paths were generated in the channel representation in
transform domains so that path components were difficult to
separate from each other. To cope with the power diffusion
effect, we transformed the hybrid-field channel from the spatial
domain to the joint-angular-polar domain. A solution concept
of power diffusion range was introduced to quantify the
range of diffused power so that the power diffusion effect
could be identified and eliminated. A novel channel estimation
algorithm, PD-OMP, was then proposed. The computational
complexity of PD-OMP and the CRLB of sparse-signal-
recovery-based hybrid-field channel estimation were derived.
The theoretical analysis showed that the computational com-
plexity of PD-OMP was linear with the number of antenna
elements.

Simulation results showed that: 1) The joint angular-polar
domain channel employed by PD-OMP can extract both
far-field and near-field path components of the hybrid-field
channel effectively. 2) The proposed PD-OMP outperforms
current state-of-the-art hybrid-field channel estimation meth-
ods under different SNRs and pilot lengths. Besides, PD-OMP
was robust to the variation of scatterer distribution. 3) When

Authorized licensed use limited to: Weizmann Institute of Science. Downloaded on December 02,2024 at 19:12:12 UTC from IEEE Xplore.  Restrictions apply. 



YUE et al.: HYBRID NEAR-FAR FIELD CHANNEL ESTIMATION FOR HOLOGRAPHIC MIMO COMMUNICATIONS 15811

the SNR increases, a wider power diffusion range should
be selected in PD-OMP to produce a smaller NMSE. 4)
There exists an optimal number of sampled angles to reach
a trade-off between the computational complexity and the
channel estimation accuracy of PD-OMP.

APPENDIX A
PROOF OF LEMMA 1

We omit the propagation direction and transmission distance
(θp, rp) of the steering vector b(θp, rp) for simplicity. Because
we consider the case of M = N , we have

N∑
n=1

∣∣b(θn, rs,n)Hb
∣∣2 = (FH

J,sb)HFH
J,sb

= Tr(FJ,sFH
J,sbbH), (50)

where FJ,s is the s-th submatrix of FJ . The term FJ,sFH
J,s is

denoted as

FJ,sFH
J,s =

χ1,1 · · · χ1,N

...
. . .

...
χN,1 · · · χN,N

 . (51)

The term bbH is denoted as

bbH =
1
N

e−jk(r1,p−r1,p) · · · e−jk(r1,p−rN,p)

...
. . .

...
e−jk(rN,p−r1,p) · · · e−jk(rN,p−rN,p)

 .

(52)

Therefore, we have

{FH
J,sFJ,sbbH}j,j =

1
N

N∑
n=1

χj,ne−jk(rn,p−rj,p). (53)

Since only one submatrix is considered, we have

χj,ne−jk(rn,p−rj,p)
(a)
≈ (54)

1
N

(N−1)/2∑
z=(1−N)/2

ejπz(sin θj−sin θn)e−jk(rn,p−rj,p) j ̸=n
= (55)

e
jπ(sin(θj)−sin(θn))(1−N)

2 −jk(rn,p−rj,p) 1− ejπN(sin(θj)−sin(θn))

1− ejπ(sin(θj)−sin(θn))
,

(56)

where the approximation (a) is obtained by performing the
second-order Taylor Expansion to the distance term ry,s,j and
ry,s,n for each y = 1, . . . , N in the steering vector b(θj , rs,j)
and b(θn, rs,n), which are used in the calculation of χj,n.
The second-order Taylor Expansion for ry,s,j around rs,j is
expressed as

ry,s,j = rs,j − tyd sin(θj) +
t2yd2(1− sin2(θj))

rs,j
, (57)

where ty = 2y−N+1
2 . Besides, the transform from (54) to (55)

also employs the following equation:

1− sin2(θj)
rs,j

=
1− sin2(θn)

rs,n
, (58)

which is a property of the joint angular-polar domain transform
matrix.

Due to the definition of direction θ in (11), sin(θj)−sin(θn)
is multiple of 2/N . Therefore, based on (56), we have

χj,ne−jk(rn,p−rj,p) ≈

{
0 j ̸= n,

1 j = n.
(59)

Therefore, {FH
J,sFJ,sbbH}j,j ≈ 1

N , and we have

Tr(FH
J,sFJ,sbbH) ≈ N ∗ 1

N
= 1. (60)

APPENDIX B
PROOF OF LEMMA 3

The term µΦ is expressed as µΦ = maxi ̸=j |ϕH
i ϕj |, and

we have ϕi = D−1Wfi and ϕj = D−1Wfj , where fi and fj
are the i-th and j-th column of FJ , respectively. Therefore,

|ϕH
i ϕj |

= |(D−1Wfi)HD−1Wfj |
= |fH

i WH(DHD)−1Wfj | = |WHfH
i C−1Wfj |

= |fH
i WH(B

{
W1WH

1 ,W2WH
2 , . . .WQWH

Q

}
)−1Wfj |

= |fH
i WH(B

{
(W1WH

1 )−1, . . . (WQWH
Q )−1

}
)Wfj |

= |fH
i

Q∑
q=1

{
WH

q (WqWH
q )−1Wq

}
fj |. (61)

Considering that the beamforming is randomly generated,
we further analyze the expectation of µΦ:

E {µΦ} = |fH
i E

{
Q∑

q=1

{
WH

q (WqWH
q )−1Wq

}}
fj |

= Q|fH
i E

{
WH

q (WqWH
q )−1Wq

}
fj |,∀q. (62)

Considering the expectation of the (x, y)-th element of
WqWH

q :

E
{
(WqWH

q )x,y

}
= E

{
N∑

z=1

((Wq)x,z(WH
q )z,y)

}
. (63)

Because the modulus of each element of the beamforming
matrix Wq is 1, and each element is independently and
randomly chosen with equal probability, we have

E
{
(WqWH

q )x,y

}
=

{
N, if x = y,

0, if x ̸= y.
(64)

Identically, considering the expectation of the (x, y)-th
element of WH

q Wq , we have

E
{
(WH

q Wq)x,y

}
=

{
NRF , if x = y,

0, if x ̸= y.
(65)

Therefore, we have E
{
WH

q (WqWH
q )−1Wq

}
= NRF

N IN×N .
Since the modulus of each element of fi is 1√

N
,∀i, we have

E {µΦ} =
QNRF

N
max
i̸=j

|fH
i fj | <

QNRF

N
. (66)
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APPENDIX C
PROOF OF PROPOSITION 2

For an arbitrary matrix A and an arbitrary vector x,

∥Ax∥2 ≥ σmin(A)∥x∥2, (67)

where σmin(A) is the minimum singular value of matrix A.
Hence, we have

∥ĥH − hH∥22
= ∥FJ(ĥJ,H − hJ,H)∥22 ≥ (σmin(FJ))2∥(ĥJ,H − hJ,H)∥22.

(68)

Thus, we have

E
{
∥ĥH − hH∥22

}
≥ (σmin(FJ))2

σ2card(Γ)

1 + card(Γ)QNRF

N

. (69)
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