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Abstract—
Wide-area cognitive orthogonal frequency-division multiplexing (OFDM) links in television white space (TVWS) un-
der the IEEE 802.22 Wireless Regional Area Network (WRAN) standard require channel estimation (CE) that is
both accurate and computationally frugal under mobility. We propose a low-complexity Modified Pilot-Based Chan-
nel Estimation (MPCE) scheme that operates in the channel impulse response (CIR) domain: interpolation weights
are computed once per frame and reused across OFDM symbols, eliminating redundant per-symbol estimation
while preserving fidelity. Complementing this, we cast pilot placement as an information-theoretic D-optimal de-
sign—maximize log det of the Fisher information matrix (FIM)—and solve it with a greedy exchange using rank-one
(Sherman–Morrison) updates under IEEE 802.22 feasibility (guard/direct-current (DC) tone exclusion and mini-
mum spacing). A FIM/Cramér–Rao bound (CRB) analysis links pilot spacing and correlation to mean-squared error
(MSE), explaining when nonuniform pilots help. Simulations under wide-sense stationary uncorrelated scattering
(WSSUS) Rayleigh fading show that MPCE reduces runtime by up to 78% versus conventional pilot interpolation
while achieving comparable or lower MSE and post-detection bit-error rate (BER) for quadrature phase-shift keying
(QPSK) and 16-ary quadrature amplitude modulation (16QAM), with the largest gains in the signal-to-noise ratio
(SNR) range of 10–20 dB. The D-optimal solver converges to a near-uniform layout in our regime (justifying the
standard pattern) and departs from uniformity when pilots are scarce or frequency selectivity increases. MPCE thus
offers a scalable, hardware-friendly CE approach for wide-area cognitive OFDM links.

Keywords— Channel estimation, OFDM, IEEE 802.22, pilot optimization, cognitive radio, TV white space, com-
plexity analysis, interpolation reuse, mutual information, spectrum efficiency.

1 Introduction

Intelligent transportation systems (ITS) increasingly de-
mand reliable, wide-area wireless connectivity for safety
and cooperative perception. Deployed stacks such as
IEEE 802.11p/DSRC for V2X have demonstrated fea-
sibility in vehicular contexts [21], yet operation in con-
gested GHz bands limits coverage and link robustness
over rural or sparsely served regions. By contrast, sub-
GHz TV white spaces (TVWS) offer favorable propa-
gation and regulatory frameworks that can enable long-
range links and wide-area networking.

IEEE 802.22 targets TVWS with an OFDM-based

PHY/MAC for wireless regional area networks (WRAN)
[23, 31]. The standard’s scattered pilots and spec-
tral masks are designed for fixed access, but mobil-
ity and time selectivity introduce nontrivial channel-
estimation (CE) challenges. Recent works report
802.22-oriented channel measurement and modeling [5],
scattered-pilot CE under mobility [2], and practical
SDR/evaluation platforms [27, 28]; related studies for
TVWS WLAN (IEEE 802.11af) highlight similar CE is-
sues in realistic propagation [6]. Classical pilot-aided
OFDM CE—LS/LMMSE with interpolation—has been
extensively studied, including the impact of pilot lay-
outs (comb/block/scattered) and interpolation domains
(time/frequency/DFT) on accuracy and conditioning
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[20,36,37]. However, per-symbol interpolation and dense
pilot patterns can be computationally demanding on
resource-limited receivers, while suboptimal pilot spac-
ing/layout degrades robustness under Doppler and fre-
quency selectivity [2, 6, 8, 36].

This work. We propose a Modified Pilot-Based Chan-
nel Estimation (MPCE) scheme tailored to IEEE 802.22.
MPCE operates in the CIR domain (where channel en-
ergy is compact), computes interpolation weights once
per frame, and reuses them across OFDM symbols,
thereby reducing redundant computation while preserv-
ing estimation fidelity. Complementing this, we formu-
late information-theoretic pilot placement as a D-optimal
design problem—maximizing the log-determinant of the
Fisher information matrix (FIM)—and solve it via a
practical greedy Fedorov-exchange algorithm with rank-
one (Sherman–Morrison) updates and IEEE 802.22 fea-
sibility masks (guard/DC removal and minimum spac-
ing). This yields a standard-aware pilot set that is
information-efficient without incurring per-symbol over-
head.

We evaluate MPCE under a WSSUS Rayleigh model
aligned with 802.22 deployments [22] and report
both estimation MSE and post-detection BER for
QPSK/16QAM with explicit equalization/detection. In
our regime, the D-optimal solver converges to a near-
uniform pilot layout (consistent with the standard) and
delivers near-MMSE accuracy at substantially lower
runtime; when pilots are scarce or frequency selectivity
increases, the solver departs from uniformity and pro-
vides measurable gains. Beyond asymptotics, we quan-
tify operation-level complexity and show that the one-
time pilot-selection cost is amortized across frames, lead-
ing to low steady-state per-frame cost.

Relation to high-mobility OTFS. OTFS modulation
places symbols in the delay–Doppler (DD) domain
and is known for Doppler robustness [38, 39]. Recent
OTFS receivers for integrated sensing and communica-
tion (ISAC) exploit unified variational-inference formu-
lations for joint DD-domain estimation/detection [40].
While our focus is IEEE 802.22 OFDM CE and pilot
design, the same principle of maximizing Fisher infor-
mation under feasibility constraints directly extends to
DD-domain resource placement, making OTFS/ISAC
a promising direction for future work in high-mobility
regimes complementary to 802.22.

Key Contributions.

Under IEEE 802.22 constraints, we introduce a
low-complexity CIR-domain estimator with frame-wise
weight reuse and an information-theoretic (D-optimal)
pilot-selection solver, and validate the design end-to-end;

the key contributions are:

• CIR-domain MPCE with frame-wise reuse.
We propose a Modified Pilot-Based Channel
Estimator (MPCE) that operates in the CIR
domain (energy-compact, well-conditioned) and
computes interpolation weights once per frame,
then reuses them across OFDM symbols. The
CSI→equalization→detection pipeline is explicit
(Sec. 4.4), so all BER results are end-to-end.

• Information-theoretic pilot placement with a
practical solver. Pilot selection is cast as D-
optimal design (maximize log det(F)). We imple-
ment a greedy Fedorov exchange with Sherman–
Morrison rank-one updates under IEEE 802.22 fea-
sibility (guard/DC exclusion, minimum spacing).
The add-only greedy objective is monotone submod-
ular (yielding a (1−1/e) factor), and local exchanges
further improve solutions in practice (Sec. 4.1.1,
Alg. 2).

• Theory → insight: why and when it helps.
An FIM/CRB view links pilot spacing/correlation
to MSE and predicts regimes where D-optimal
placement yields gains (small pilot budget K,
stronger frequency selectivity). We add targeted
diagnostics—log-det(FIM) convergence, pilot-index
maps, and a K-sensitivity study—that explain the
observed behavior and recover near-uniform layouts
when they are already (near) optimal (Sec. 5).

• Efficiency with quantified overhead. We
provide operation-level complexity and measured
runtime. Pilot selection is a one-time (in-
frequent) control-plane task amortized across
frames; steady-state per-frame work is essentially
equalization+FFTs. In our setup this yields up to
78% execution-time reduction while retaining near-
MMSE accuracy (Sec. 5).

• IEEE 802.22-aware, end-to-end evaluation.
Under standard constraints and a WSSUS Rayleigh
model, MPCE consistently lowers MSE and
translates this into lower post-detection BER
for QPSK/16QAM—most notably at 10–20 dB
SNR—while the D-optimal solver explains when
uniform pilots are already (near) best and when
non-uniform designs improve conditioning and BER
(Sec. 5).

The remaining portions of this paper are structured as
follows: The related works have been discussed in Sec-
tion 2. Section 3 is for system description and the general
familiarization of IEEE 802.22, such as frame structure,
signal modeling, etc. The proposed estimation scheme
have been explained in Section 4. In Section 5, all simu-
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lation results have been shown, and a performance eval-
uation has been done. Lastly, Section 6 concludes the
paper.

2 Related Work

Foundational pilot-aided OFDM estimators include LS
and LMMSE with interpolation across data tones; semi-
nal studies analyze pilot layouts (comb/block/scattered)
and interpolation domains (time/frequency/DFT), high-
lighting accuracy–complexity trade-offs and sensitivity
to pilot density/placement [36, 37]. DFT-/LPF-based
interpolation can denoise but degrades with suboptimal
spacing or stronger dispersion [36]. Recent works adapt
these ideas to TV white spaces (TVWS) and WLAN
variants (e.g., 802.11af), addressing mobility and practi-
cal constraints [2,6,22,23,27,28]. Our work differs by (i)
operating explicitly in the CIR domain with frame-wise
weight reuse (low per-frame cost), and (ii) coupling pilot
placement to an information-theoretic (FIM/D-optimal)
criterion integrated with an end-to-end receiver.

Temporal trackers (decision-directed,
LMS/RLS/Kalman) can reduce explicit pilots but
require reliable initialization and may suffer error
propagation under mobility; related practical esti-
mation refinements also appear for IoT/OFDM [8].
Sparse/compressive approaches in CIR or delay–Doppler
can lower pilot usage in sparse multipath, but introduce
iterative cost and model-sensitivity [3, 16, 18, 24]. By
contrast, we pursue CIR-domain estimation with frame-
wise weight reuse, avoiding per-symbol matrix updates
while keeping a transparent pilot-aided pipeline.

Pilot placement via mutual information/Fisher in-
formation (A-/D-optimality), convex relaxations, and
greedy/submodular strategies has been explored in var-
ious forms; classic OFDM studies document the role of
pilot arrangement on estimator conditioning [36]. Many
prior designs assume idealized feasibility (no guard/DC
tones, no minimum spacing) and often do not integrate
design with an explicit end-to-end receiver and run-
time analysis. We instead cast pilot selection as a D-
optimal design (maximize log det of the FIM) and de-
velop a practical greedy Fedorov exchange with Sher-
man–Morrison rank-one updates, feasibility masks for
guard/DC and minimum spacing (IEEE 802.22-aware),
and a submodular-optimization view (Sec. 4.2); we ana-
lyze convergence, pilot maps, sensitivity to pilot budget,
and amortized runtime in Secs. 5.3.2–5.4.

IEEE 802.22 specifies PHY/MAC for WRAN operation
in TVWS with strict spectral masks and scattered pi-
lots [23, 31]. Channel modeling/measurement platforms
and reliable scattered-pilot estimation geared to 802.22

mobility have been reported in [2,5,27]; related 802.11af
(TVWS WLAN) channel-estimation studies provide fur-
ther practical insights [6]. Analytical modeling of 802.22
WRAN and TVWS coexistence remains an active area
[1, 22, 26]. Our evaluation enforces 802.22 feasibility
(guard/DC removal, minimum spacing), uses a WSSUS
Rayleigh model tailored to TVWS [22], and reports end-
to-end MSE/BER with explicit equalization/detection
(Sec. 5.1).

Orthogonal Time Frequency Space (OTFS) modulation
maps symbols to the delay–Doppler (DD) domain, offer-
ing robustness to high Doppler and rapidly time-varying
channels [38,39]. In parallel, integrated sensing and com-
munication (ISAC) for OTFS has advanced, including a
unified variational-inference (VI) OTFS–MIMO receiver
that jointly performs estimation/detection in DD [40].
While our focus is IEEE 802.22 OFDM channel esti-
mation and pilot design, the same information-theoretic
principle employed here—maximize Fisher information
under feasibility constraints—naturally extends to DD-
domain resource design for OTFS/ISAC; we view this as
a promising direction (Sec. 6).

3 SYSTEM DESCRIPTION

3.1 Deployment Scenario: IEEE 802.22
for Rural Area Connectivity

In the proposed deployment scenario Fig 1, a central
IEEE 802.22 base station serves as the backbone of the
rural connectivity network. This base station is strate-
gically positioned in a location that offers optimal cover-
age across the target rural area. The IEEE 802.22 base
station employs cognitive radio technology to dynami-
cally sense and identify available TV white space chan-
nels. This adaptive approach ensures efficient spectrum
utilization and minimizes interference with existing TV
broadcasts. The base station establishes a reliable and
high-speed wireless link with customer premises equip-
ment (CPE), enabling residents and businesses in rural
areas to access the internet. To complement the IEEE
802.22 deployment, the scenario also includes the inte-
gration of small 5G base stations within the network.
These small cells are strategically positioned in areas
where additional coverage and capacity are needed, such
as densely populated spots or areas with higher data
demand. The combination of IEEE 802.22 and 5G tech-
nologies creates a hybrid network that offers a seamless
and robust connectivity experience. The small 5G base
stations provide enhanced data rates, low latency, and
support for a wide range of emerging applications, in-
cluding IoT devices and real-time communication ser-
vices. This hybrid approach leverages the strengths of
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both technologies to ensure comprehensive coverage and
optimal performance throughout the rural area. A few
vehicles are equipped with communication devices that
enable them to act as mobile nodes within the network.
These vehicles can serve multiple purposes such as Mo-
bile Coverage Augmentation, Data Collection and Anal-
ysis, Emergency Response, and Connectivity.

Figure 1: Deployment Scenario

Table 1: The System Parameters of IEEE 802.22 [23]

Parameter Value
Frequency range 54-862 MHZ

Channel Bandwidth 6,7,8 MHz
Data rate 4.54-22.69 Mbits/s

Transmit EIRP 4 W maximum
Multiple Access Technique OFDMA

Duplex TDD
FFT size 2048
CP length 1/4,1/8,1/16,1/32

TV Channel Bandwidth(MHz) 6,7,8
Total Number of subcarriers

NFFT 2048
Number of guard subcarriers

NG(L,DC,R) 368(184,1,183)
Number of used subcarriers

NT = ND +NP 1680
Number of Data subcarriers

ND 1440
Number of pilot subcarriers

NP 240
Signal Bandwidth(MHz) 5.63,6.57,7.45

3.2 Channel Statistical Characterization

For performance evaluation, the wireless channel is mod-
eled as a wide-sense stationary uncorrelated scattering
(WSSUS) channel with Rayleigh fading statistics. The
channel impulse response can be expressed as

h(t, τ) =

L−1∑
l=0

αl(t) δ(τ − τl), (1)

where αl(t) denotes the complex Gaussian fading coeffi-
cient of the lth multipath component with variance σ2

l ,
and τl is the corresponding path delay.

Each αl(t) is modeled as a zero-mean circularly symmet-
ric complex Gaussian random variable, i.e.,

αl(t) ∼ CN (0, σ2
l ), (2)

leading to Rayleigh-distributed envelope amplitudes.
The power delay profile (PDP) is assumed exponen-
tial, i.e., σ2

l = σ2
0e

−τl/τrms , where τrms is the root-mean-
square delay spread.

The temporal correlation of each path is governed by the
Jakes Doppler spectrum:

Rαl
(∆t) = σ2

l J0(2πfd∆t), (3)

where fd is the maximum Doppler frequency and J0(·)
is the zeroth-order Bessel function of the first kind. For
our simulations, the maximum Doppler is set to fd = 35
Hz, corresponding to a vehicle speed of v = 80 km/h at
a carrier frequency of 473 MHz.

The frequency-domain channel response is obtained as
the Fourier transform of the impulse response:

H(n) =

L−1∑
l=0

αl e
−j2πnτl/T , (4)

which is used in the channel estimation procedures
described in Section 4. This statistical characteriza-
tion ensures that the Monte Carlo simulations capture
both large-scale (path-loss, delay spread) and small-scale
(Rayleigh fading, Doppler) phenomena in IEEE 802.22
systems.

3.3 Modulation Formats

In our simulations, we consider Quadrature Phase Shift
Keying (QPSK) and 16-Quadrature Amplitude Modula-
tion (16QAM), which are also supported in IEEE 802.22
PHY specifications.

QPSK maps two input bits to one of four constellation
points placed equidistantly on the unit circle, with Gray
coding employed to minimize bit error probability. The
transmitted symbol set is

SQPSK =

{
± 1√

2
± j

1√
2

}
. (5)

16QAM conveys four input bits per symbol, where each
symbol corresponds to one of 16 constellation points ar-
ranged in a square grid. Normalized Gray-coded map-
ping is used to reduce the average symbol energy and
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simplify detection:

S16QAM =

{
± 1√

10
(1 + 2a)± j

1√
10

(1 + 2b)
∣∣ a, b ∈ {0, 1}} .

(6)

The rationale for choosing these two modulation formats
is as follows:

• QPSK provides robustness against noise and fading,
making it a baseline modulation for performance
comparison.

• 16QAM offers higher spectral efficiency but is more
sensitive to channel estimation errors, thereby high-
lighting the benefit of accurate channel estimation
methods such as the proposed MPCE.

By including both low-order (QPSK) and higher-order
(16QAM) modulations, we demonstrate that the pro-
posed channel estimation technique is effective across
different robustness–efficiency trade-offs.

3.4 Brief Review of IEEE 802.22

IEEE 802.22, formulated for Wireless Regional Area
Networks (WRANs) functioning in TV white spaces, em-
ploys a superframe architecture that facilitates coopera-
tive transmission with expanded cell range. Each 160ms
superframe consists of sixteen 10ms frames, partitioned
into two unequal subframes featuring a Subchanneliza-
tion Control Window (SCW). The initial frame com-
prises a superframe preamble, frame preamble, Super-
frame Control Header (SCH), and Frame Control Header
(FCH), whereas the subsequent frames consist solely of
the frame preamble, FCH, and data payload. Coarse
frequency synchronization and signal detection are exe-
cuted via the superframe preamble, which comprises four
iterations of the Short Training Sequence (STS) and the
cyclic prefix (CP). Precise synchronization and channel
estimation utilize the frame preamble, which consists of
two repetitions of the Long Training Sequence (LTS) and
the Cyclic Prefix (CP). Each frame encompasses 60 sub-
channels within the frequency domain.

Pilot symbols are included in seven OFDM symbols
and seven subcarriers according to a predetermined pat-
tern for both uplink and downlink transmissions. Pi-
lots are positioned prior to interleaving in the uplink
and subsequently reordered at the base station. The
system presumes a rural implementation with a maxi-
mum delay spread of 21 and coverage extending to 30km,
leading to frequency-selective fading and Doppler phe-
nomena. IEEE 802.22 accommodates 12 modulation
and coding combinations—QPSK, 16QAM, and 64QAM
across four coding rates—and delineates 14 transmission
modes, with Mode 1 designated for control signals. The

8.1MHz bandwidth consists of 2048 orthogonal subcar-
riers organized into 60 subchannels, each containing 28
carriers, of which 24 are designated for data and 4 for
pilot symbols. Furthermore, 368 subcarriers are desig-
nated as guard/null tones to mitigate inter-carrier inter-
ference. Pilot-assisted channel assessment is crucial for
mitigating time-frequency distortions and guaranteeing
dependable communication in dynamic multipath set-
tings. environments.

Figure 2: Frame structure of IEEE 802.22 System [23]

b

Figure 3: Standard Pilot Pattern of IEEE 802.22 [23]

Pilot symbols—known reference signals inserted at pre-
defined intervals—enable receivers to estimate the chan-
nel response by observing distortions during transmis-
sion. This estimation mitigates channel impairments
such as fading and distortion, enhancing detection ac-
curacy.

In highly mobile, long-delay multipath channels,
frequency-selective fading and Doppler shifts reduce
channel coherence. The coherence time and bandwidth
with 50% correlation are given as:

Tc,50% =
0.423

fd,max
, BWc,50% =

1

5Trms
(7)

where fd,max and Trms are the maximum Doppler fre-
quency and RMS delay spread, respectively.

In IEEE 802.22, channel estimation over 14 OFDM sym-
bols is performed using linear interpolation in the fre-
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quency domain. Let hm,m denote the pilot symbol chan-
nel value in the mth symbol and nth subcarrier. The
estimated channel between pilot positions in the frame
preamble is:

h0,n = |h0,n| cos θ0,n + j|h0,n| sin θ0,n (8)

where θ0,n represents the phase rotation between pilot
symbols.

Zero Padding (ZP) further enhances OFDM robustness.
In multiband OFDM (MB-OFDM), the guard interval
may be set to zero. However, symbol timing offsets
(STO) may introduce FFT discontinuities. To preserve
orthogonality, a portion of the next symbol’s guard in-
terval is copied and prepended to the current symbol,
mitigating inter-channel interference.

Figure 4: Downstream Sub Frame

4 Proposed Method

In this section, we present the Modified Pilot-Based
Channel Estimation (MPCE) method that has the goal
of optimizing the trade-off between computational com-
plexity and estimation accuracy. In contrast to tradi-
tional techniques, MPCE carefully chooses pilot subcar-
riers to increase estimation effectiveness without sacri-
ficing the precision of channel interpolation. The Modi-
fied Pilot Method presents a hybrid subcarrier grouping
technique that makes use of both neighboring and non-
adjacent subcarriers, in contrast to the Pilot Method,
which solely depends on adjacent subcarriers for esti-
mation. This method improves the reliability of in-
terpolation while minimizing unnecessary computations,
hence increasing efficiency without compromising preci-
sion. Consider an OFDM-based communication system
with N total subcarriers. The received signal at subcar-
rier n is given by:

Y (n) = H(n)X(n) +W (n), (9)

where,Y (n) represents the received signal, X(n) is the
transmitted symbol, H(n) is the channel frequency re-
sponse at subcarrier n, W (n) ∼ CN (0, σ2) is the additive
white Gaussian noise (AWGN).

The objective of channel estimation is to approximate
H(n) using only a subset of pilot subcarriers{Pk}, where
k = 1, 2, . . . ,K and K ≪ N .

Pilot Selection Strategy : In general the conventional
methods select evenly spaced pilots or densely adja-
cent pilots. However, these selection leads to high in-
terpolation error or additional computations. Our pro-
posed method optimizes pilot selection employing a hy-
brid strategy:

P ∗
k = {p1, p3, p6, p10, p15, . . . }, (10)

where, P ∗
k includes both adjacent and non-adjacent sub-

carriers, guaranteeing (1) expanded channel coverage by
the use of subcarriers that provide varied channel in-
formation (2) diminished computational duplication by
reducing interpolation overlap (3) Optimal selection em-
ploying an information-theoretic methodology.

Theorem 4.1 (Existence and Uniqueness). Let Pk be
the selected pilot subcarriers and let H(Pk) be the cor-
responding known channel values. There exists a unique
interpolation function f(n) such that:

f(Pk) = H(Pk), ∀k = 1, 2, . . . ,K (11)

and for all subcarriers n (non-pilot positions),

H(n) ≈ f(n). (12)

Proof. Define the Lagrange interpolating polynomial as:

Ĥ(n) =

K∑
k=1

H(Pk)Lk(n), (13)

where Lk(n) are the Lagrange basis polynomials, given
by:

Lk(n) =

K∏
j=1
j ̸=k

n− Pj

Pk − Pj
. (14)

This function satisfies the uniqueness property because:

1. The polynomial of degree K − 1 is uniquely deter-
mined by K data points.
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2. The Modified Pilot Method ensures that the selec-
tion of Pk is non-redundant, guaranteeing that the
denominator does not vanish, thereby ensuring a
unique solution.

Thus, the interpolation function is well-posed and
uniquely determined.

Subcarrier Grouping Strategy : The principal advance-
ment in the Modified Pilot Method is the enhanced selec-
tion of pilot subcarriers. The approach selectively selects
subcarriers that provide substantial channel information,
rather than depending exclusively on neighboring pilots,
while minimizing excessive interpolation steps. The sub-
carrier grouping process follows these principles:

(a)Expanded Subcarrier Relationships: Rather than uti-
lizing solely consecutive subcarriers, chosen pilots en-
compass pairs that extend across several subcarrier in-
dices. This facilitates a more comprehensive display of
channels. (b) Selective Redundancy Reduction: Over-
lapping pilot subcarriers from the conventional Pilot
Method are eliminated, hence avoiding superfluous com-
putations while maintaining essential channel attributes.
(c)Hybrid Pilot Selection: This approach incorporates
both neighboring and non-adjacent pilot subcarriers,
hence improving interpolation performance while main-
taining computing efficiency to estimate. Mathemati-
cally, if H(n) represents the actual channel response for
subcarrier n, and Pk denotes the set of selected pilot
subcarriers, the estimation process can be expressed as:

Ĥ(n) = f(Pk) + ε (15)

where f(Pk) represents the interpolation function ap-
plied to selected pilot subcarriers and ε is the estimation
error.

For each pilot subcarrier Pk, we define an optimized
grouping function:

Sk =

{
rx(i, j)

tx(i, j)
| i, j ∈ Pk

}
(16)

where, rx(i, j) and tx(i, j) represent the received and
transmitted signals for a given subcarrier pair. This
adaptive grouping offers better frequency diversity.

The estimated channel response Ĥ(n) is computed using
a combination of Fast Fourier Transform (FFT) interpo-
lation and linear extrapolation.

For pilot subcarriers P ∗
k , FFT-based interpolation recon-

structs the missing channel values as:

Ĥ(n) =

K∑
k=1

wkH(Pk), (17)

where the interpolation weights wk are obtained using
least squares estimation:

w = (PHP)−1PHH. (18)

For subcarriers outside the pilot range, linear extrapola-
tion is applied,

Ĥ(n) = an+ b, (19)

where coefficients (a, b) are estimated using least squares
regression over the last two pilot subcarriers. The es-
timation accuracy is measured using the Mean Square
Error (MSE):

MSE =
1

M

M∑
n=1

|H(n)− Ĥ(n)|2. (20)

Theorem 4.2 (MSE Upper Bound). Let H(n) be the
actual channel response, and let Ĥ(n) be the estimated
response using the Modified Pilot Method. The interpo-
lation error is bounded as follows:

MSEmodified = E
[
|H(n)− Ĥ(n)|2

]
≤ C

K

K∑
k=1

|P ∗
k−H(n)|,

(21)

where C is a constant that depends on the interpolation
function and the smoothness of the channel.

Proof. Using the Taylor series expansion, the interpola-
tion error at a non-pilot subcarrier n is given by:

H(n)− Ĥ(n) =
H(r)(ξ)

r!

K∏
k=1

(n− Pk), (22)

where ξ is some intermediate point in the interpolation
interval, and r is the order of the interpolating polyno-
mial.

Applying Jensen’s inequality, we take the expectation on
both sides:

E
[
|H(n)− Ĥ(n)|2

]
≤ C

K

K∑
k=1

|P ∗
k −H(n)|. (23)

Since the Modified Pilot Method strategically places pi-
lots to minimize interpolation gaps, this bound is tighter
than the one obtained in the conventional Pilot Method.

Thus, the MSE of the Modified Pilot Method is lower
than conventional pilot-based estimations.
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4.1 Information-Theoretic Pilot Selec-
tion

The Modified Pilot Method’s key benefit is its capacity
to optimize pilot selection by optimizing the information
content of the received signals. We formalize this by
employing an information-theoretic framework.

Definition 1 (Mutual Information for Pilot Selection).
The optimal set of pilot subcarriers P ∗

k maximizes the
mutual information between the received signal Y and
the channel response H, conditioned on the selected pilot
subcarriers:

I(Y ;H | Pk) = H(Y )−H(Y | H,Pk), (24)

where, H(Y ) represents the entropy of the received sig-
nal. H(Y | H,Pk) represents the remaining uncertainty
after observing pilots.

Theorem 4.3 (Optimal Pilot Set Maximization). The
optimal pilot set P ∗

k satisfies the mutual information
maximization criterion:

P ∗
k = argmax

Pk

I(Y ;H | Pk). (25)

Proof. The pilot subcarriers are selected to maximize the
Fisher Information Matrix (FIM), which quantifies the
amount of information contained in the observed pilots.
The FIM is given by:

J(Pk) =

K∑
k=1

1

σ2
k

∇H(Pk)∇H(Pk)
T . (26)

The determinant J(Pk) represents the total information
captured by the selected pilot subcarriers. To ensure
maximum information gain, the Modified Pilot Method
selects pilots to maximize:

P ∗
k = argmax

Pk

det J(Pk). (27)

Since maximizing det J(Pk) corresponds to minimizing
estimation uncertainty, the pilot set P ∗

k obtained via this
criterion is information-theoretically optimal.

Thus, the Modified Pilot Method achieves superior chan-
nel estimation by selecting the most informative subcar-
riers, ensuring a balance between accuracy and compu-
tational efficiency.

4.2 Solving the Pilot-Selection Criterion
and Practical Insights

Equation (27) casts pilot placement as an informa-
tion–theoretic design problem. We model the pilot ob-
servation on subcarrier set P ⊂ {0, . . . , N − 1} by the
linear Gaussian model

yP = XPh+w, w ∼ CN (0, σ2I), (28)

where h ∈ CL are the L-tap CIR coefficients and XP ∈
CNp×L is the pilot design matrix whose p-th row is xH

p =[
1, e−j 2π

N p, . . . , e−j 2π
N p(L−1)

]
for p ∈ P. The (expected)

Fisher information matrix (FIM) for h is

F(P) = 1

σ2
XH

PXP =
∑
p∈P

1

σ2
xpx

H
p︸ ︷︷ ︸

≜upuH
p

, (29)

so by the complex Cramér–Rao bound cov(ĥ) ⪰ F(P)−1

for any unbiased estimator. Maximizing detF minimizes
the generalized variance det(cov(ĥ)), yielding the classi-
cal D-optimal criterion

P⋆ = arg max
P⊂{0,...,N−1}, |P|=Np

log det
(
F(P)

)
. (30)

Because the CFR satisfies H = Dh with D the N ×
L DFT submatrix, the frequency-domain MSE obeys
E∥H − Ĥ∥22 = tr

(
D cov(ĥ)DH

)
, so maximizing detF

tightens the lower bound for both Channel Impulse Re-
sponse (CIR) and Channel Frequency Response (CFR)
estimates.

Greedy (Fedorov) exchange with rank-one up-
dates. (27) is combinatorial (NP-hard). We use a
Fedorov-type exchange: swap i∈P with j∈C\P (with C
masking guard/DC and enforcing spacing ∆min) if it in-
creases f(P) = log detF. Using the matrix-determinant
lemma and Sherman–Morrison, marginal gains are com-
puted without re-inverting F:

∆add(q) = log
(
1 + uHq F

−1uq

)
, (31)

∆swap = log(1− β) + log(1 + α′), (32)

β = uHi F
−1ui, α′ = uHj F

−1
−iuj , (33)

F−1
−i =F−1 +

1

1− β
F−1uiu

H
i F

−1, F−i = F− uiu
H
i .

(34)

We regularize F← F + εI (e.g., ε = 10−6) for numeri-
cal stability when the initial set is ill-conditioned. The
set function f(P) = log det

(
εI +

∑
p∈P upu

H
p

)
is mono-

tone submodular under |P| = Np; hence an add-only
greedy achieves a (1 − 1/e) factor, while exchanges (2-
opt/Fedorov) further refine the solution empirically.
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Complexity. Each rank-one update/downdate costs
O(L2); one outer sweep that tests all (i, j) pairs is
O
(
L2 Np (|C| − Np)

)
. Since L≪ N , the dominant cost

lies in a few sweeps of low-dimensional (L) updates,
and—per Sec. 5.4—the selection is run infrequently and
amortized across many frames.

Algorithm 1 Greedy D-Optimal Pilot Selection (Fe-
dorov Exchange with Rank-One Updates:)

Require: N (subcarriers), Np (pilot budget), C (candi-
dates without guard/DC), ∆min, noise variance σ2

Ensure: P maximizing log det(F(P))
1: P ← UniformSpacing(C, Np); F ←

∑
p∈P upu

H
p +

εI; G← F−1; L← log detF
2: repeat
3: improved← false
4: for each i ∈ P do
5: β ← uH

i Gui; if β ≥ 1− δ then continue ▷
δ > 0 safety

6: G−i ← G+
Guiu

H
i G

1− β
▷ downdate for

removal
7: for each j ∈ C \ P do
8: if SpacingViolation

(
(P \{i})∪{j},∆min

)
then continue

9: α′ ← uH
j G−iuj ; ∆ ← log(1 − β) +

log(1 + α′)
10: if ∆ > 0 then

11: G← G−i −
G−iuju

H
j G−i

1 + α′ ▷

rank-one add
12: P ← (P \ {i}) ∪ {j}; L ← L + ∆;

improved← true; break
13: end if
14: end for
15: if improved then break
16: end if
17: end for
18: until improved = false or maxIters reached
19: return P

Intuition. Each pilot contributes the rank-one matrix
upu

H
p to F. The greedy rule accepts the swap with the

largest marginal increase in log detF; early iterations
remove near-collinear (redundant) rows of XP and in-
sert more “orthogonal” ones, rapidly improving condi-
tioning (large positive ∆). Once F is well-conditioned,
marginal gains shrink and the curve plateaus. For WS-
SUS Rayleigh channels with moderate Np, the correla-
tion is Toeplitz-like and uniform spacing already spreads
{xp} nearly orthogonally in the L-dimensional sub-
space—hence the solver often converges to (or very near)
the IEEE 802.22 uniform pattern. In more frequency-
selective channels, tighter pilot budgets, or nonuniform

candidate masks, the same solver yields non-uniform de-
signs with strictly larger log detF and lower CRB.

4.3 Analytical Characterization of
Channel Estimation Error with
Varying Pilot Spacing

To analytically support the observed superiority of
the Modified Pilot-Based Channel Estimation (MPCE)
method, we derive the interpolation error as a function of
pilot spacing and channel frequency correlation. This al-
lows us to quantify the impact of pilot placement strate-
gies on mean squared error (MSE) performance.

We assume the frequency-selective Rayleigh fading chan-
nel H(n) is wide-sense stationary with autocorrelation
function:

RH(∆) = E[H(n)H∗(n+∆)] = σ2
h · sinc

(
∆

∆f

)
, (35)

where ∆f is the coherence bandwidth, and ∆ is the sub-
carrier spacing between the point of estimation and the
nearest pilot. This model captures the correlation decay
across frequency in multipath channels.

Following MMSE interpolation theory, the variance of
the estimation error when interpolating between two pi-
lot subcarriers spaced by ∆ is given by:

σ2
int(∆) = RH(0)− RH(∆)2

RH(0)
. (36)

This expression shows that the interpolation error de-
creases with increasing correlation between pilot and es-
timated subcarrier — i.e., with smaller ∆ or larger ∆f .

Let Pk ⊂ {1, . . . , N} denote the set of pilot subcarrier
indices, and let ∆n be the distance from subcarrier n /∈
Pk to its nearest pilot. Then, the overall MSE due to
interpolation is approximately:

MSEtotal ≈
1

N −K

∑
n/∈Pk

σ2
int(∆n)

=
1

N −K

∑
n/∈Pk

(
σ2
h −

RH(∆n)
2

σ2
h

)
(37)

The differences in MSE among the three methods can
now be understood based on their respective pilot con-
figurations:

• Normal Method: Sparse, evenly spaced pilots re-
sult in large ∆n, reducing RH(∆n) and increasing
MSE.

• Pilot Method: Densely packed pilots reduce ∆n,
minimizing MSE but at high computational cost due
to per-symbol interpolation.
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• Modified Pilot Method (MPCE): Strategically
selected adjacent and non-adjacent pilots optimize
the trade-off, keeping ∆n moderate and minimizing
redundant overlap. This yields low MSE at signifi-
cantly reduced complexity.

Table 2: Simulation Parameters

Parameter Value
Center Frequency 473MHZ

Channel Bandwidth 6MHz
Sampling Frequency 6.856 MHz

Symbol Rate 2678symbols/s
Maximum CFO 1892Hz
Channel Model AWGN and Rayleigh

Velocity 80kmph
Maximum Doppler Frequency 35Hz

4.4 Procedure of the Modified Pilot
Method: Algorithm and IEEE
802.22 Demonstration

With a 90% percent correlation, the coherence band-
width (BWc) is expressed as BWc,90% = 1

50Trms
[24].

The frequency of BWc,90% is 7.2 kHz, which is nearly
double the space between sub-carriers. This indicates
that neighboring sub-carrier channel fluctuations are es-
sentially coherent and the interpolation interval can be
expanded by efficiently exploiting adjacent sub-carrier
pilot symbols. The channel estimation process is de-
scribed below.

Let N be the total number of subcarriers and P =
{P1, P2, . . . , PK} denote the candidate pilot configura-
tions across K clusters. The channel response at pilot
positions Pk is denoted as H(Pk), corrupted by additive
noise with variance σ2

k.

1) Informative Pilot Selection via Mutual Infor-
mation

Unlike fixed pilot patterns, MPCE dynamically evalu-
ates the informativeness of each pilot configuration using
mutual information between the received signal Y and
the channel realization H:

Ik = H(Y )−H(Y | H,Pk), (38)

where H(·) denotes differential entropy. The pilot set
maximizing this information is selected:

P ∗
k = arg max

Pk∈P
Ik. (39)

This ensures that the chosen pilots contribute maximally
to channel observability under bandwidth and energy
constraints.

2) Pilot Refinement via Fisher Information Max-
imization

To further improve estimation precision, we introduce
a refinement step that leverages the Fisher Information
Matrix (FIM) associated with the chosen pilot set:

J =

K∑
k=1

1

σ2
k

∇H(P ∗
k )∇H(P ∗

k )
⊤, (40)

where ∇H(P ∗
k ) denotes the gradient of the channel re-

sponse. The pilot positions are adjusted to maximize the
determinant of J, yielding the most statistically efficient
configuration:

max
P∗

k

det(J). (41)

3) MMSE-Based Weighted Interpolation

Let P be the design matrix constructed from P ∗
k . The

interpolation weights are derived using the MMSE crite-
rion:

w = (PHP)−1PHH(P ∗
k ). (42)

The interpolated channel estimates for subcarriers n /∈
P ∗
k are then computed as:

Ĥ(n) =

K∑
k=1

wkH(P ∗
k ). (43)

This approach preserves spatial-spectral channel corre-
lation while ensuring computational tractability.

4) Robust Extrapolation for Unobserved Subcar-
riers

To handle subcarriers outside the pilot span—typically
prone to edge effects—we apply a linear least-squares
(LS) regression over P ∗

k :

(a, b) = LS(P ∗
k , H(P ∗

k )), (44)

yielding an affine model for extrapolation:

Ĥ(n) = an+ b. (45)

This model captures underlying spectral trends, mitigat-
ing boundary-induced degradation.

5) Quality Metric: Mean Squared Error (MSE)

The final estimation quality is quantified using the nor-
malized MSE:

MSE =
1

M

N∑
n=1

∣∣∣H(n)− Ĥ(n)
∣∣∣2 , (46)
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(a) (b)

(c) (d)

Figure 5: (a) Frame preamble interpolation between pilot symbols (b) Adjacent sub carriers copying process. (c)
In the time domain, Extrapolation and Interpolation (d) Adjacent sub carriers copying process

whereM denotes the number of Monte Carlo realizations
or ensemble averaging trials.

The proposed MPCE method synthesizes data-driven pi-
lot allocation with robust statistical estimation, offer-
ing a scalable and channel-adaptive solution suitable for
high-mobility and large-scale multicarrier networks.

The frame preamble between the pilot symbols is first
estimated using zero padding interpolation (Fig. 7(a)).
The channel oscillations are then replicated from nearby
sub-carrier pilot symbols (Fig. 7(b)). These sample sym-
bols are data symbols with channel fluctuations taken
from pilot symbols in surrounding sub-carriers. To re-
duce the extrapolation range and decrease the interpola-
tion interval as much as feasible, all nearby sub-carriers
with pilot symbols are utilized.

In the case of Sub-carrier 4, for instance, the channel
variation of the pilot symbol (Symbol 15) from Sub-

carrier 3 is replicated to Sub-carrier 4 to reduce the
extrapolated range (extrapolated length is entirely re-
moved in this scenario), and then the channel variation
of the pilot symbol (Symbol 12) from Sub-carrier 5 is
transferred to Sub-carrier 4 to reduce the interpolation
period between the Pilot symbol (Symbol 9) and the
sample symbol (Symbol 12 and Symbol 14).

To begin, zero padding interpolation is used to estimate
the channel fluctuations in the frame preamble between
pilot symbols (Fig. 5(c)). The channel fluctuations are
then duplicated from adjacent sub-carrier pilot symbols
(Fig. 5(d)). In the following, data symbols channel taken
from the pilot symbols in neighboring sub-carriers are
referred to as sample symbols.

All adjacent sub-carrier variations with pilot symbols
are used to limit the extrapolation range and shorten
the interpolation interval as much as possible. In the
case of Sub-carrier 4, for example, Sub-carrier 3’s chan-
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nel variant of a pilot symbol in Symbol 15 is transferred
to Sub-carriers 4 and 5 to decrease the extrapolated in-
terval (extrapolated size is completely removed in this
case), and the pilot symbol’s channel variation (Sym-
bol 8) from Sub-carrier 3 is subsequently transferred to
Sub-carrier 1 to decrease the interpolation period be-
tween sample symbol (Symbol 6) and the pilot symbol
(Symbol 5) (Symbol 8).

Algorithm 2 Greedy D-Optimal Pilot Selection (Fe-
dorov Exchange)

Require: N (total subcarriers), Np (number of pilots),
C (candidate set)

Ensure: Pilot set P maximizing log det(J)
1: Initialize P ← Np uniformly spaced pilots
2: Compute Fisher matrix J ←

∑
p∈P upu

⊤
p

3: L← log det(J)
4: repeat
5: improved ← false
6: for each i ∈ P do
7: Form reduced matrix J−i by removing i using

Sherman–Morrison
8: for each j ∈ C \ P do
9: Compute J ′ = J−i + uju

⊤
j

10: ∆← log det(J ′)− L
11: if ∆ > 0 then
12: P ← (P \ {i}) ∪ {j}
13: J ← J ′, L← L+∆
14: improved ← true
15: break
16: end if
17: end for
18: if improved then
19: break
20: end if
21: end for
22: until improved = false
23: return P

4.5 Recursive Weight Update and CSI
Generation

An important aspect of the proposed Modified Pilot-
Based Channel Estimation (MPCE) is its recursive
weight update mechanism and the subsequent use of es-
timated coefficients for channel state information (CSI)
generation. This subsection elaborates these two steps
for clarity.

4.5.1 Recursive Weight Update

In the MPCE scheme, interpolation weights are com-
puted using the MMSE criterion based on the selected

pilot subcarriers P ∗
k . As described in (12), the interpo-

lation weights are given by

w = (PHP )−1PHH(P ∗
k ), (47)

where P is the pilot design matrix and H(P ∗
k ) represents

the channel frequency response at the pilot subcarriers.

Unlike conventional pilot-aided methods, these weights
are computed only once per OFDM frame. For each
subsequent OFDM symbol in the frame, the same set
of weights is recursively reapplied, thereby eliminating
redundant computations. In channels with mobility, the
pilot set is periodically updated using the information-
theoretic selection criterion in (27). This ensures that
the interpolation weights w adapt to the most informa-
tive subcarriers at the beginning of each frame, while
symbol-level reuse preserves computational efficiency.

4.5.2 CSI Generation

The interpolated channel coefficients Ĥ(n) obtained
from (11)–(13) are directly used to construct the CSI
matrix required for equalization and detection. Specifi-
cally, for a received OFDM symbol Y (n), equalization is
performed as

X̂(n) =
Y (n)

Ĥ(n)
, n = 1, 2, . . . , N, (48)

where X̂(n) is the equalized symbol estimate.

The equalized symbols are subsequently passed through
a minimum-distance detector for the chosen modulation
format (QPSK or 16QAM). For example, the detected
symbol ŝ is obtained as

ŝ = argmin
s∈S

∣∣∣X̂(n)− s
∣∣∣2 , (49)

where S denotes the modulation constellation set.

This process ensures that CSI derived from Ĥ(n) is ex-
plicitly exploited in symbol equalization and detection.
By integrating one-time interpolation, recursive weight
reuse, and explicit CSI construction, the MPCE scheme
achieves a favorable trade-off between computational ef-
ficiency and estimation accuracy.

4.6 Complexity Analysis

In modern wireless communication systems, Orthogonal
Frequency Division Multiplexing (OFDM) is widely uti-
lized due to its resilience against multipath fading and
efficient spectral utilization. However, accurate chan-
nel estimation is essential for reliable data transmission,
especially in high-mobility scenarios. The three widely
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used channel estimation techniques—Normal Method,
Pilot Method, and Modified Pilot Method—differ sig-
nificantly in their computational cost and estimation ac-
curacy. A comprehensive complexity analysis is critical
to evaluating the trade-offs between computational effi-
ciency, memory usage, and system performance. In this
section, we systematically analyze the computational
complexity, execution time, and scalability of these esti-
mation techniques.

Asymptotic Complexity Analysis: Channel estimation
involves pilot symbol insertion, interpolation, and equal-
ization to recover the transmitted data. The complexity
of each method is determined by (a) the number of pi-
lots and subcarriers (b)the type of interpolation used
and, (c)the redundancy in computations.

To approximate the missing channel coefficients, the
Normal Method employs simple linear interpolation.
Given that N is the number of subcarriers, the com-
putational complexity of this approach is O(N). In
essence, this approach consists of two operations: equal-
ization and demodulation (O(N)) and linear interpola-
tion (O(N)). The memory footprint of this approach
is minimal. Although computationally efficient, this ap-
proach has poor estimation accuracy, which limits its
applicability in dynamic wireless situations.

The Pilot Method estimates missing channel coefficients
through densely allocated pilot subcarriers and employs
spline-based interpolation to recover adjacent channel
responses. Due to the frequent pilots placement and
redundancy in interpolation operations, the computa-
tional complexity of this approach scales quadratically
with the number of subcarriers, i.e., O(N2). The method
mainly involves spline interpolation, contributing oper-
ations O(N2), alongside equalization and demodulation
steps, each requiring O(N). In addition to the high com-
putational cost, this method incurs a significant memory
footprint due to the storage of dense pilot information
and intermediate interpolation values. Although the Pi-
lot Method offers high estimation accuracy, its substan-
tial resource demands limit its applicability in real-time
systems with large-scale subcarrier configurations.

The Modified Pilot Method introduces an optimized pi-
lot selection strategy to minimize redundant interpo-
lation while preserving high estimation accuracy. By
adaptively determining pilot positions based on chan-
nel variability, this method reduces unnecessary compu-
tations typically present in dense pilot schemes. The
overall computational complexity is O(N logN), strik-
ing a balance between efficiency and accuracy. The
key operations involved include adaptive pilot selection
(O(N logN)), efficient interpolation (O(N)), and stan-
dard equalization and demodulation (O(N)). The mem-

ory footprint is moderate, as the method avoids exces-
sive pilot allocation while still storing essential pilot and
interpolation data. Owing to its favorable trade-off be-
tween performance and complexity, the Modified Pilot
Method is particularly well-suited for real-time OFDM
systems operating under resource constraints.

To evaluate how computational cost scales with the num-
ber of subcarriers N , we also analyze the interpolation
overhead per method, the execution time as a function
of N , and the theoretical and empirical performance
trends.

To substantiate the theoretical complexity of each chan-
nel estimation method, we conducted simulations to
measure execution time as a function of the number
of subcarriers N . The Normal Method exhibited lin-
ear complexity, with execution time growing proportion-
ally to T (N) ≈ kN , where k is a constant. In con-
trast, the Pilot Method demonstrated quadratic growth,
with execution time approximated by T (N) ≈ kN2, pri-
marily due to redundancy introduced by dense pilot-
based interpolation. The Modified Pilot Method, which
employs adaptive pilot placement and efficient interpo-
lation strategies, achieved log-linear complexity, with
execution time scaling as T (N) ≈ kN logN . These
theoretical trends were empirically validated through
MATLAB-based profiling over a range of subcarrier
counts, confirming the analytical complexity characteri-
zations (Fig.6).

Figure 6: Complexity Growth Comparison

Practical viability is affected by memory and hardware
limitations in addition to execution time. The Pilot
Method’s high memory requirements restrict its scala-
bility. The effective real-time implementation is made
possible by the modified pilot method. The logarithmic
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complexity strongly benefits FPGA/GPU platforms.

We also profile the execution time of 128 to 1024 subcar-
riers using simulation. The pilot approach requires up
to 50% more computation than the modified pilot ap-
proach, according to the results. Although the Normal
Method has the lowest accuracy, it is the fastest. With
little computing overhead, the Modified Pilot Method
attains near-optimal accuracy.To verify the theoretical
complexity findings, execution time profiling was carried
out in MATLAB for a range of subcarrier sizes, from 128
to 1024. According to the Normal, Pilot, and Modified
Pilot Methods, respectively, the profile validates the an-
ticipated linear, quadratic, and log-linear growth trends
(Fig.7)

The results of this analysis clearly demonstrate that
the Modified Pilot Method offers significantly improved
scalability compared to the conventional Pilot Method.
By striking an optimal balance between computational
efficiency and estimation accuracy, the Modified Pilot
Method emerges as the most practical and effective solu-
tion for real-time OFDM systems, especially in resource-
constrained environments.

Operational Level Complexity Analysis: In this section,
we provide a more granular complexity analysis based
on two critical types of low-level operations:(1) copy-
ing operations and (2) subtraction and division opera-
tions. The analysis is expressed in terms of the number
of OFDM symbols, denoted by G, where G represents
the number of OFDM symbols in the downstream sub-
frame, excluding superframe and frame preambles. Let
N denote the number of subcarriers and K the num-
ber of pilot subcarriers, where K < N . Estimation is
performed for each subcarrier in every OFDM symbol.

The Normal Method performs linear interpolation over
the pilot subcarriers once and reuses the resulting chan-
nel estimates across all G OFDM symbols. This reuse
leads to a copying cost that scales with both the number
of subcarriers N and the number of symbols G, resulting
in a total copying operation complexity given by

Ccopy, normal = O(GN) (50)

For each subcarrier in every OFDM symbol, equalization
is carried out using a single subtraction followed by a di-
vision. Specifically, the equalized symbol yn is computed
as

yn =
rn

Ĥn

, ∀n ∈ {1, . . . , N}, ∀g ∈ {1, . . . , G} (51)

Thus, the total complexity associated with subtraction
and division operations is also linear in both N and G,
expressed as

Csub+div, normal = O(GN) (52)

This method is computationally efficient but relies on the
assumption that the channel remains invariant across the
G symbols, which may limit its applicability in highly
time-varying environments.

The Pilot Method relies on dense pilot insertion and per-
forms spline-based interpolation independently for each
of the G OFDM symbols. As the channel estimation is
recomputed per symbol rather than reused, the copying
overhead is minimal and scales linearly with the number
of subcarriers N , leading to a copying complexity of

Ccopy, pilot = O(N) (53)

Each symbol requires new interpolation and equaliza-
tion operations. The spline interpolation, applied over
densely spaced pilot subcarriers, incurs a complexity of
approximately O(K2), where K is the number of pilots
and typically K ∝ N , leading to an overall complexity
of O(N2) per symbol. Equalization then adds an addi-
tional O(N) cost per symbol. As a result, the combined
computational complexity for subtraction and division
operations over all G symbols is given by

Csub+div, pilot = O(GN2) +O(GN) (54)

While this method provides highly accurate channel esti-
mates, the significant computational overhead per sym-
bol makes it less suitable for real-time or large-scale
OFDM systems.

Figure 7: Complexity Trends Based on Empirical Exe-
cution Time

The Modified Pilot Method, proposed in this work, in-
troduces a computationally efficient approach that com-
bines optimized pilot selection with adaptive interpola-
tion. In contrast to the Pilot Method, the interpolation
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Table 3: Complexity Comparison of Channel Estimation Methods

Method Interpolation Steps Operations Required Complexity
Normal Method Few Linear Interpolation O(N) O(N)
Pilot Method Many Spline Interpolation O(N2) O(N2)
Modified Pilot Optimized Adaptive Interpolation O(N logN) O(N logN)

Table 4: Execution Time Comparison (in milliseconds)

Subcarriers Normal Method Pilot Method Modified Pilot Method
128 3.5 15.2 7.1
256 7.1 40.6 14.3
512 12.8 100.1 27.5
1024 24.5 255.4 55.6

is computed only once based on strategically placed pi-
lots and is reused across all G OFDM symbols. This
results in a copying operation complexity that scales lin-
early with both the number of subcarriers and symbols,
given by

Ccopy, modified = O(GN) (55)

The adaptive interpolation, performed during the initial
channel estimation phase, contributes a computational
cost of O(N logN), owing to the use of efficient algo-
rithms tailored for sparse pilot configurations. Follow-
ing interpolation, equalization is performed per subcar-
rier for each symbol, contributing an additional O(GN)
operations. Thus, the total complexity associated with
subtraction and division operations is

Csub+div, modified = O(N logN) +O(GN) (56)

This proposed method achieves a near-optimal trade-
off between estimation accuracy and computational ef-
ficiency, making it highly suitable for real-time OFDM
systems. By significantly reducing interpolation redun-
dancy while maintaining performance, the Modified Pi-
lot Method addresses key scalability challenges in mod-
ern wireless communication environments.

This operation-level analysis further highlights the com-
putational advantage of the proposed Modified Pilot
Method. While the Pilot Method offers improved ac-
curacy, it suffers from high per-symbol interpolation
overhead, resulting in an O(GN2) cost. In contrast,
the Modified Pilot Method maintains accuracy and dra-
matically reduces complexity by avoiding redundant in-
terpolations and reusing estimates across G symbols.
The copying overhead is equivalent to the Normal
Method, while the subtraction and division operations
are reduced to near-linear complexity. This makes the
Modified Pilot Method especially suitable for real-time
OFDM systems with large frame sizes.

In terms of computational complexity, the proposed

Modified Pilot Method achieves a reduction of approx-
imately 99.2% in subtraction and division operations
compared to the traditional Pilot Method when eval-
uated for N = 128 subcarriers and G = 1000 OFDM
symbols. This substantial efficiency gain demonstrates
the scalability and suitability of the proposed method for
real-time OFDM systems without sacrificing estimation
accuracy.

While asymptotic analysis offers a high-level understand-
ing of scalability, it often overlooks the fine-grained cost
of individual operations. To better reflect real-world
computational effort, we express the operation counts
using the ceiling function ⌈·⌉, which accounts for integer
rounding in actual hardware implementations. We focus
on two dominant types of operations involved in channel
estimation and equalization: (1) copying operations and
(2) subtraction and division operations.

Let N denote the number of subcarriers and G the num-
ber of OFDM symbols per downstream subframe (ex-
cluding preambles). Let P denote the pilot spacing,
such that the number of pilot subcarriers is given by
K =

⌈
N
P

⌉
. The Pilot Method performs interpolation

per OFDM symbol, while both the Normal and Modi-
fied Pilot Methods reuse the channel estimation across
all G symbols.

The following table summarizes the total number of op-
erations required by each method, where every equaliza-
tion involves one division and, optionally, one subtrac-
tion.

From Table 6, we observe that the Pilot Method has
the highest arithmetic complexity due to per-symbol
spline interpolation, which contributes a quadratic term⌈
G ·

(⌈
N
P

⌉)2⌉
. Although the Normal Method has mini-

mal complexity, it lacks accuracy and robustness. In con-
trast, the proposed Modified Pilot Method performs only
a one-time adaptive interpolation costing ⌈N · log2 N⌉
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Table 5: Operational Complexity in Terms of G and N(Asymptotic)

Method Copying Operations Subtraction & Division Operations
Normal Method O(GN) O(GN)
Pilot Method O(N) O(GN2)

Modified Pilot Method O(GN) O(N logN) +O(GN)

Table 6: Explicit Operation Count in terms of G and N

Method Copying Operations Subtraction & Division Operations
Normal Method ⌈G ·N⌉ ⌈G ·N⌉
Pilot Method ⌈N⌉ ⌈G ·N⌉+

⌈
G ·

(⌈
N
P

⌉)2⌉
Modified Pilot Method (Proposed) ⌈G ·N⌉ ⌈N · log2 N⌉+ ⌈G ·N⌉

operations and reuses the result for all G symbols, re-
sulting in a total of ⌈N · log2 N⌉+ ⌈G ·N⌉ operations.

This operation-level analysis reinforces the earlier
asymptotic result: the Modified Pilot Method achieves
a significant reduction in real computational cost while
preserving high estimation accuracy. For example, in
a system with N = 128, G = 1000, and P = 8, the
Pilot Method would require over 16×106 arithmetic op-
erations, while the Modified Pilot Method needs fewer
than 140 × 103 operations—representing a reduction of
more than 99%. Thus, the proposed method not only
improves scalability but also minimizes arithmetic bur-
den, making it the most suitable for real-time OFDM
receivers.

As shown in Table 7, the Pilot Method results in the
highest computational cost due to per-symbol spline in-
terpolations, exceeding 2.5 million operations for a stan-
dard OFDM frame with 256 subcarriers and 2000 sym-
bols. In contrast, the Modified Pilot Method performs
only a one-time adaptive interpolation and reuses the re-
sult across all symbols, resulting in approximately 1.02
million total operations—nearly identical to the Normal
Method but with significantly improved estimation accu-
racy. This highlights the Modified Pilot Method’s supe-
riority in achieving low operational complexity without
compromising performance.

5 Performance Analysis

To evaluate the efficacy of the proposed Modified Pi-
lot Method in realistic IEEE 802.22 OFDM-based com-
munication systems, we conduct extensive Monte Carlo
simulations under Rayleigh fading. We assess the per-
formance of all three methods—Normal, Pilot (ASC),
and Modified Pilot (CIR)—in terms of Bit Error Rate
(BER) and Mean Squared Error (MSE) for both QPSK
and 16QAM modulation schemes.

The system parameters follow IEEE 802.22 profiles with
1024 subcarriers, a cyclic prefix of 1/4, and pilot spac-
ings selected according to standard specifications. Sim-
ulations were run for a range of SNR values (0–30 dB)
over 104 OFDM frames to ensure statistical reliability.

It is important to emphasize that the BER and MSE re-
sults presented in this section are obtained after explicit
equalization and symbol detection using the CSI derived
in Section 4.4. In particular, the estimated channel coef-
ficients Ĥ(n) are first used to construct the CSI matrix,
which then facilitates equalization of the received OFDM
symbols according to (40). The equalized outputs are
subsequently passed through a minimum-distance detec-
tor for QPSK and 16QAM constellations, as described in
(41). This complete chain—estimation, CSI generation,
equalization, and detection—ensures that the reported
BER curves faithfully represent end-to-end receiver per-
formance under Rayleigh fading conditions.

5.1 Performance Analysis: MSE and
BER

Unless stated otherwise, each SNR point averages ≥
106 decoded bits under the WSSUS Rayleigh model of
Sec. 3.3. SNR denotes Es/N0. Equalization/detection
follow Sec. 4.4, so BER is end-to-end.

Channel-estimation (CE) MSE is modulation-
independent; the same MSE curve applies to QPSK and
16QAM.

MSE versus SNR (common to QPSK/16QAM)

Fig. 8 reports CE MSE vs. SNR. With yP = XPh+w,
w∼CN (0, σ2I), the complex CRB yields

F = 1
σ2 XH

PXP , (57)

MSEH ≜ E
[
∥H− Ĥ∥22

]
≥ tr

(
DF−1DH)

= κσ2. (58)
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Table 7: Explicit Operation Count for N = 256, G = 2000, P = 8

Method Copying Ops Sub & Div Ops Total Ops
Normal Method 512,000 512,000 1,024,000
Pilot Method 256 2,560,000 2,560,256
Modified Pilot 512,000 514,048 1,026,048

Table 8: Normalized Trade-off Summary of Estimation Methods

Method BER (QPSK @ 20 dB) MSE (16QAM @ 25 dB) Relative Time
Normal Method 1.00 1.00 1.00
Pilot Method 0.21 0.35 10.43

Modified Pilot (Proposed) 0.25 0.20 2.27

Figure 8: Channel–estimation MSE vs. SNR (uniform
pilots; common to QPSK/16QAM). Pilot-aided methods
(ASC, CIR) nearly coincide and both clearly outperform
Normal; MSE decays ∼linearly with SNR with no floor
up to 30 dB.

Since σ2 = N0 = Es/SNR, (58) predicts the observed
linear decay (log–SNR axis) and that methods differ by
the geometry constant κ. Normal has the largest κ (no
pilot-aided interpolation/reuse); Pilot (ASC) lowers κ
via CFR-domain interpolation; the proposed Modified
Pilot (CIR) achieves the smallest κ due to better condi-
tioning in the CIR domain and frame-wise weight reuse
(Sec. 4.4). No error floor is observed up to 30 dB.

Why ASC ≈ CIR here. With uniform pilots, WSSUS
Rayleigh correlation, and moderate K≳L, both reduce
to the same L-dimensional DFT-subspace projection:

ĥCIR = (XH
PXP)

−1XH
PyP , (59)

ĤASC ≈ DĥCIR = ĤCIR, (60)

so their noise amplification—and hence MSE—nearly co-
incide. Differences emerge when K is scarce, the grid
is constrained/non-uniform, or frequency selectivity in-
creases.

For the BER plots, with one–tap equalization and

Ĥ(n) = H(n) + e(n) (small, nearly unbiased e(n)), the
per-tone post-EQ SNR admits the first-order model

γeff(n) ≈ |H(n)|2Es

N0 + Es E|e(n)|2
=

γ

1 + γ η(n)
, γ = Es

N0
, η(n) = E|e(n)|2

|H(n)|2 .

(61)

Lower CFR-MSE (smaller η) raises γeff and reduces
BER.

BER versus SNR (16QAM)

Fig. 9 reports 16QAM BER (uniform pilots). The rank-
ing matches MSE: Modified (CIR) ≈ Pilot (ASC) ≪
Normal. Using the AWGN approximation for square
16QAM, BER≈0.75Q

(√
0.2 γeff

)
, the pilot-aided meth-

ods retain a clear advantage over Normal across SNR;
between ASC and CIR differences are small (often
within MC variation), yielding near-coincident curves in
the mid-SNR band. At high SNR, the CE-error term
in (61) becomes negligible and all curves approach the
ideal-CSI slope.

BER versus SNR (QPSK)

Fig. 10 reports QPSK BER (uniform pilots). The rank-
ing matches the MSE plot: Modified (CIR) ≈ Pilot
(ASC) ≪ Normal. Averaging (61) over tones gives γeff,
and the AWGN approximation yields BER≈Q

(√
2 γeff

)
;

hence lower CFR-MSE directly lowers BER. Gains are
most pronounced at 10–20 dB where γ η∼1; at low SNR
curves cluster (noise-limited), and at high SNR the CE-
error term becomes negligible, so all pilot-aided curves
approach the ideal-CSI slope. The CIR≈ASC behav-
ior is expected here (uniform pilots, WSSUS, K ≳ L);
separation increases when pilots are scarce or frequency
selectivity strengthens.

Takeaways. (i) Pilot-aided CE (ASC/CIR) substan-
tially lowers MSE and BER relative to Normal; (ii) ASC
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Figure 9: 16QAM BER vs. SNR (uniform pilots, one-tap
EQ). Pilot-aided methods are statistically comparable
and consistently outperform Normal ; high-SNR behav-
ior approaches the ideal-CSI slope.

and CIR are statistically comparable under uniform pi-
lots and this channel/pilot budget; (iii) the largest rel-
ative BER gains occur at 10–20 dB, where CE error
materially affects the post-EQ SNR; (iv) no BER floor
is observed up to 30 dB, indicating adequate interpola-
tion/conditioning in the tested regime.

5.2 Complexity–Performance Trade-off
Analysis

We now consolidate runtime and accuracy to assess prac-
tical viability. Fig. 5.2 jointly compares execution time
per OFDM frame (steady state) versus BER/MSE for
the three methods with N=1024 subcarriers. Perfor-
mance is summarized at two representative operating
points (mid–high SNR where CE matters most): (i)
QPSK BER at 20 dB; (ii) 16QAM MSE at 25 dB. Ex-
ecution time reflects the receiver datapath per frame;
the D-optimal pilot selection is a control-plane opera-
tion amortized over many frames (Sec. 4.2).

The plot shows a clear Pareto ordering. Pilot (ASC) at-
tains strong accuracy but incurs > 10× the execution
time of Normal. The proposed Modified Pilot (CIR)
achieves near-ASC BER/MSE while reducing time by
≈78% vs. Pilot (about 2.2× Normal). This reflects
MPCE’s frame-wise weight reuse (interpolate once per
frame) and better conditioning in the CIR domain.

Takeaway. MPCE (CIR) preserves near-ASC accu-
racy while operating close to the Normal method’s cost
envelope, yielding a favorable complexity–performance
Pareto point for real-time OFDM receivers.

Figure 10: QPSK BER vs. SNR (uniform pilots, one-
tap EQ). CIR and ASC are statistically comparable and
both significantly outperform Normal ; largest relative
gains occur at 10–20 dB; high-SNR behavior approaches
the ideal-CSI slope.

5.3 D-Optimal Pilot Placement Analysis

We now validate the D-optimal pilot-selection frame-
work of Sec. 4.2 with a focused analysis, including con-
vergence behavior, end-to-end MSE, pilot maps, runtime
amortization, and sensitivity to the pilot budget.

5.3.1 MSE Performance under D-Optimal Pilot
Placement

Fig. 11 compares the mean-square error (MSE) of chan-
nel estimation for the proposed MPCE method under
two pilot placement strategies: the IEEE 802.22 base-
line with uniformly spaced pilots and the information-
theoretic D-optimal design obtained via the greedy
solver of (27). Unless otherwise stated, each SNR point
averages at least 104 Monte Carlo trials over Rayleigh
fading with the statistical model of Sec. 3.2, and equal-
ization/detection follow Sec. 4.4. The MSE decreases
nearly linearly on the log scale as SNR increases for both
policies, confirming the robustness of MPCE. Notably,
the D-optimal design achieves nearly identical MSE to
uniform placement across the entire SNR range. This
behavior is expected because, under band-limited fading
with Toeplitz-like frequency correlation and a moder-
ate pilot budget, uniformly spaced pilots already yield
a well-conditioned Fisher Information Matrix (FIM). In
such regimes, the D-optimal solution naturally coincides
with (or is extremely close to) the uniform grid, thereby
validating the near-optimality of the IEEE 802.22 pilot
pattern. While numerical gains appear marginal in this
configuration, the D-optimal framework remains valu-
able: by maximizing log det(FIM) via the greedy solver
of (27), it provides an information-theoretic guarantee
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Complexity–performance trade-off (N=1024). Bars
(left axis): execution time per OFDM frame. Solid line
(right axis): QPSK BER at 20 dB. Dashed line (right
axis): 16QAM MSE at 25 dB. Pilot (ASC) is accurate

but slow; Modified Pilot (CIR) retains ASC-level
accuracy at ≈78% less time, and dominates Normal in
both metrics. Runtime is steady-state; pilot selection is

amortized.

and extends robustly to nonuniform candidate sets, more
frequency-selective channels, or tighter pilot budgets, all
with negligible runtime overhead.

5.3.2 Convergence of the D-Optimal Pilot Se-
lection Solver

Fig. 12 tracks the objective log det(F) of the pilot-
selection problem across greedy iterations, where F =∑

p∈P upu
H
p is the Fisher information matrix (FIM).

The curve rises steeply at the beginning because each
add/exchange step is chosen to maximize the marginal
gain ∆ = log det(F′) − log det(F). By the ma-
trix–determinant lemma, an add of candidate q yields

∆add(q) = log
(
1 + uHq F

−1uq

)
,

while a swap i→j (Fedorov exchange) gives

∆swap = log(1−β)+log(1+α′), β = uHi F
−1ui, α′ = uHj F

−1
−iuj ,

with F−1
−i obtained via the Sherman–Morrison down-

date (see Sec. 4.2). Early iterations remove near-
collinear/clustered pilots (large | log(1 − β)|) and add
highly informative ones (large α′), hence the sharp rise.
Once F is well conditioned, both terms shrink and the
trajectory plateaus. The dashed line is the log det(F) for
the IEEE 802.22 uniform pattern; convergence to this
level indicates that, under our WSSUS Rayleigh setup
and pilot budget, uniform spacing is already (near) D-
optimal.

Figure 11: MSE versus SNR under MPCE with Uniform
and D-optimal pilot placement. The overlap indicates
that, for the considered IEEE 802.22 channel conditions,
uniform spacing is already near D-optimal. The greedy
D-optimal solver of (27) confirms this while offering ro-
bustness for more challenging scenarios.

5.4 Runtime Overhead and Amortiza-
tion of D-Optimal Selection

Fig. 13 reports measured wall-clock times for the
D-optimal pilot selection and the per-frame receiver
pipeline. The one-time solver for (27) (greedy + rank-
one updates) takes about 40.34ms, whereas the per-
frame MPCE equalization and detection cost is 0.48ms.
The solver is not executed every frame; it is run at ini-
tialization or when the pilot set must be refreshed (e.g.,
coherence-time lapse / mobility change). Hence, the ef-
fective per-frame cost is the amortized sum

tframe ≈ tCE+EQ +
tselect
Tupdate

,

where tselect=40.34ms, tCE+EQ=0.48ms, and Tupdate is
the number of frames between pilot-set updates. The se-
lection overhead equals the per-frame CE+EQ cost when
Tupdate ≈ tselect/tCE+EQ ≈ 84 frames; for longer inter-
vals the overhead becomes negligible. This supports our
low-complexity claim: once weights and pilots are fixed,
MPCE operates at per-frame cost O(N) (equalization)
plus any FFTs (O(N logN)), while pilot selection is an
infrequent control-plane task with complexity dominated
by rank-one updates in a low-dimensional L (channel-
tap) space.

5.5 Pilot Placement Patterns: Uniform
vs. D-Optimal

Fig. 14 visualizes the selected pilot indices across the N
subcarriers for two policies: (i) the IEEE 802.22 uniform
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Figure 12: Convergence of log det(F) under greedy
D-optimal pilot selection. Rapid early gains (via
matrix–determinant–lemma updates) plateau at
the uniform baseline, confirming near-optimality of
IEEE 802.22 spacing in this setting.

grid, Puni≈
{
⌊ϕ+m N

Np
⌋
}Np−1

m=0
with guard/DC exclusions

and minimum spacing ∆min; and (ii) the D-optimal set
P⋆ returned by the greedy solver of (27) under the same
constraints. Each stem marks one pilot subcarrier. Two
facts stand out. First, P⋆ respects the feasibility mask
(no guard/DC tones and spacing ≥ ∆min). Second, for
the WSSUS Rayleigh channel and moderate pilot bud-
get considered, P⋆ is nearly uniform: the solver makes
only slight local shifts relative to Puni. This matches
the convergence in Fig. 12: once the Fisher information
matrix F =

∑
p∈P upu

H
p is well conditioned, further ex-

changes yield negligible log-det gains, so the design sta-
bilizes close to the uniform pattern. Intuitively, when
the frequency correlation is Toeplitz-like (band-limited
fading) and Np is sufficient, a near-uniform grid already
produces rows of the pilot design matrix that are close to
orthogonal in the L-tap subspace; maximizing log det(F)
cannot improve much beyond this. In more frequency-
selective channels, tighter budgets, or nonuniform masks,
the same solver departs from uniformity (often densify-
ing near band edges/high curvature) and delivers strictly
larger log det(F).

5.6 Pilot Placement Maps: Uniform vs.
D-Optimal (Insight)

Fig. 14 visualizes the pilot locations across the OFDM
band under two policies: (i) the IEEE 802.22 uniform
scattered-pilot grid (after guard/DC removal and min-
imum spacing), and (ii) the D-optimal set returned by
the greedy Fedorov solver of Sec. 4.2 under the same
feasibility mask. Each stem marks one pilot subcarrier
index. Two immediate observations follow.

Figure 13: Runtime overheads for MPCE with D-
optimal pilots: a one-time solve (∼40.34ms) versus per-
frame channel estimation + equalization (∼0.48ms).
The solver is amortized across many frames (Tupdate),
making its impact negligible for Tupdate ≳ 102.

(1) Feasibility and compliance. The optimized set
strictly respects the guard/DC exclusions and the min-
imum spacing ∆min, demonstrating that the solver nat-
urally handles standard-aware constraints.

(2) Near-uniform optimum in this regime. In the
considered WSSUS Rayleigh channel with a moderate
pilot budget (K ≳ L), the D-optimal solution is nearly
uniform: only small local shifts relative to the stan-
dard pattern are selected. This is consistent with the
information-theoretic objective. Let the Fisher informa-
tion matrix be F =

∑
p∈P upu

H
p (Sec. 4.2). Uniform

spacing already makes the rows {up} close to orthog-
onal in the L-tap subspace for band-limited (Toeplitz-
like) correlation, so log det(F) is near-maximal. Con-
sequently, the greedy log-det trajectory plateaus at (or
very near) the uniform baseline (cf. Fig. 12), which also
explains the overlapping MSE/BER curves observed ear-
lier.

When does D-optimal depart from uniform? The
same solver becomes meaningfully non-uniform (and
beneficial) when (i) the pilot budget is scarce (K≈L or
less), (ii) the channel is more frequency-selective (nar-
row coherence bandwidth), or (iii) the candidate set
is nonuniform (e.g., spectral notches or tighter spacing
masks). In those cases the optimizer typically densifies
pilots in high-curvature regions of the CFR to improve
the conditioning of F, yielding measurable MSE/BER
gains (see sensitivity trends in Fig. 15).

Design takeaway. Under 802.22-like WSSUS condi-
tions with a moderate pilot budget, a near-uniform grid
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Figure 14: Pilot placement maps. Top: IEEE 802.22
uniform pilots (after guard/DC removal and minimum
spacing). Bottom: D-optimal pilots from the greedy
solver under the same feasibility mask. The opti-
mized set is nearly uniform in this WSSUS, moderate-
K regime, consistent with the log-det(FIM) plateau
(Fig. 12) and the overlapping MSE/BER performance.

is already (near) D-optimal; the proposed solver certi-
fies this and provides a principled path to non-uniform
designs when statistics or constraints demand it.

5.7 Sensitivity to Pilot Budget: MSE at
10 dB

Fig. 15 evaluates the effect of the pilot budgetK on chan-
nel–estimation accuracy at SNR = 10dB for MPCE,
comparing IEEE 802.22 uniform pilots with the D-
optimal set from (27). As K increases, MSE decreases
for both—consistent with the Fisher-information view:

F(K) =

K∑
m=1

upm
uHpm

, (62)

cov(ĥ) ⪰ F(K)−1, (63)

MSE ∝ tr
(
DF(K)−1DH

)
. (64)

Adding pilots enlarges F(K), tightening the CRB and
lowering MSE. For small K, D-optimal yields a mod-
est edge by better conditioning F (avoiding clustered,
near-collinear rows). For moderate/large K, both curves
nearly coincide—uniform spacing already gives a well-
conditioned F under WSSUS Rayleigh, so the D-optimal
layout converges to near-uniform (cf. Figs. 14, 12).
Takeaway: when pilots are scarce, D-optimal helps;
once K is moderate relative to channel length L, uni-

Figure 15: Sensitivity of MPCE to pilot budget at
SNR = 10 dB: MSE versus number of pilots K. D-
optimal provides a slight advantage for smallK; for mod-
erate/large K, it converges to the uniform pilot perfor-
mance due to well-conditioned Fisher information under
the considered channel model.

form pilots are essentially near-optimal.

6 Conclusion

We proposed a low-complexity Modified Pilot-Based
Channel Estimation (MPCE) for IEEE 802.22: estima-
tion in the CIR domain with per-frame weight reuse,
and a D-optimal pilot-placement solver (greedy Fedorov
with Sherman–Morrison updates) under guard/DC and
spacing constraints. Across WSSUS Rayleigh tests,
MPCE reduces MSE and translates these gains into
lower post-detection BER for QPSK/16QAM—most no-
tably at 10–20 dB SNR—while the one-time selection
cost is amortized across frames, leaving per-frame work
close to equalization+FFTs (up to 78% runtime reduc-
tion in our setup). The solver’s log-det trajectory ex-
plains why, in our 802.22 regime (moderate pilot budget,
Toeplitz-like correlation), a near-uniform grid is already
(near) D-optimal; when pilots are scarce or frequency
selectivity increases, non-uniform designs improve con-
ditioning and BER. Future work includes extensions to
MIMO and joint pilot/power design, as well as port-
ing the same Fisher-information–driven framework to
delay–Doppler resource placement for OTFS/ISAC re-
ceivers.
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