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ABSTRACT
The emergence of terahertz (THz) communication in ultra-massive multiple-input multiple-output (UM-MIMO) systems
presents new challenges for accurate and efficient channel estimation, particularly under hybrid-field propagation conditions.
Conventional estimation techniques struggle to meet the demands of such high-dimensional systems, especially in the presence
of limited radio frequency (RF) chains and mixed near- and far-field effects. To address these limitations, this paper proposes
a deep learning-based framework that combines a fully connected neural network (FCNN) for linear channel estimation with
a convolutional neural network (CNN) for non-linear refinement. The architecture is designed to adapt to diverse propagation
environments while maintaining computational efficiency. Simulation studies based on realistic THz scenarios demonstrate
that the proposed approach significantly improves estimation accuracy, achieving up to 90% reduction in normalized mean
squared error (NMSE) compared to traditional and advanced estimation techniques. The robustness of the model under varying
signal-to-noise ratios and noise power levels underscores its potential for deployment in future 6G THz communication networks.

1 Introduction

The terahertz (THz) band, spanning 0.1 to 10 THz, promises vast
bandwidth for sixth-generation (6G) wireless networks, meeting
the growing demand for high-speed data [1, 2]. Its short wave-
lengths enable ultra-massive multiple-input multiple-output
(UM-MIMO) systems, packing thousands of antennas into com-
pact arrays for precise, directional transmissions via advanced
beamforming [3]. Yet, harnessing THz potential requires over-
coming signal dispersion and molecular absorption, which
degrade coverage [3], and demands accurate channel estimation
with minimal pilot overhead in high-dimensional settings [4,
5]. Recent comprehensive surveys have identified data scarcity
as a critical challenge impacting the training of deep learning
models, particularly in scenarios where obtaining large labeled
datasets is impractical. To address this limitation, techniques

such as transfer learning, self-supervised learning, and GAN-
based data augmentation have been widely explored to improve
model robustness under constrained data environments [6, 7].
Additionally, specialized strategies likeDeepSMOTE and physics-
informed neural networks (PINNs) have been proposed to
further alleviate data insufficiency issues across various fields,
including wireless communications, healthcare, and structural
health monitoring.

The planar array-of-subarray (AoSA) architecture, shown in
Figure 1, offers a practical solution for THz UM-MIMO [8].
Antenna elements (AEs) form planar subarrays (SAs), each tied
to a single radio frequency (RF) chain through phase shifters
[9]. This setup reduces hardware costs and power use, with
closely spaced AEs boosting array gain and widely spaced SAs
preserving spatial multiplexing [10]. However, challenges arise:
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FIGURE 1 Hybrid analog-digital channel estimation framework.

limited RF chains compress pilot signals, creating an under-
determined estimation problem [11]. The non-uniform array,
unlike uniform designs in prior work, complicates universal
algorithms, while the large aperture and short wavelengths
introduce near-field effects alongside far-field paths, forming
hybrid-field channels [12]. Traditional methods, built for uniform
arrays in either far-field or near-field alone, falter under these
real-world conditions [13].

This paper proposes a deep learning framework to address these
issues, merging a fully connected neural network (FCNN) for
linear estimation and a convolutional neural network (CNN)
for non-linear refinement within a fixed point network (FPN)
structure. Tailored to the hybrid-field THz UM-MIMO chan-
nel, it achieves precise estimation with low overhead, outper-
forming conventional and advanced techniques. The following
sections detail the system model, methodology, and results,
advancing efficient channel estimation for 6G networks. Table 1
shows abbreviations.

1.1 RelatedWorks

Channel estimation in terahertz (THz) ultra-massive multiple-
input multiple-output (UM-MIMO) systems presents a funda-
mental challenge due to the limited availability of radio frequency
(RF) chains, which imposes a significant pilot overhead when
employing traditional least squares (LS) methods. These con-
ventional approaches require pilot signals that scale with the
channel dimension to achieve acceptable estimation accuracy.
To mitigate this burden, compressed sensing (CS) and related
techniques have been explored, leveraging channel priors to
reduce the required pilot overhead. Broadly, existing strategies
can be categorized into three methodological classes—sparse
reconstruction, Bayesian inference, and deep learning (DL)—
each offering unique advantages and limitations, as summarized
in Table 2.

Sparse reconstruction hinges on crafting a dictionary matrix
to cast the channel as a sparse vector, turning estimation into
a recovery problem solvable with CS algorithms. For uniform
arrays in the far field, a discrete Fourier transform (DFT) dictio-
nary works well, reflecting angular sparsity. But in the near field,
angle and distance both matter, demanding custom grids that
prior far-field dictionaries can’t handle [14]. Hybrid-field setups,
like those in THz AoSA arrays, muddy the waters further—

TABLE 1 Complete list of acronyms used in the paper.

Acronym Description

CNN Convolutional neural network
FCNN Fully connected neural network
LS Least squares
OMP Orthogonal matching pursuit
OAMP Orthogonal approximate message passing
FISTA Fast iterative shrinkage-thresholding

algorithm
EM-GEC Expectation maximization-generalized

expectation consistent
ISTA-Net Iterative shrinkage-thresholding

algorithm network
FPN-OAMP Fixed point network for OAMP
NMSE Normalized mean squared error
THz Terahertz
UM-MIMO Ultra-massive multiple-input

multiple-output
IRS Intelligent reflecting surface
SNR Signal-to-noise ratio
SGD Stochastic gradient descent
MSE Mean squared error
LoS Line-of-sight
NLoS Non-line-of-sight
6G Sixth-generation wireless network
MIMO Multiple-input multiple-output
AI Artificial intelligence
RL Reinforcement learning
DNN Deep neural network
MAB Multi-armed bandit
HRL Hierarchical reinforcement learning
DQN Deep Q-network
BS Base station
IoT Internet of things

dictionary learning from site-specific data is the go-to fix, yet it
struggles to adapt across locations [15].

Bayesian methods leverage prior knowledge of the channel
distribution to enhance estimation accuracy, often employing
iterative algorithms such as approximate message passing (AMP)
for efficient inference when such channel priori are available [16].
However, in practical scenarios, true priors are typically unknown
or difficult to model precisely. To address this, researchers adopt
empirical approximations—such as Gaussian mixture models
or hidden Markov chains—optimized through expectation-
maximization (EM) techniques [17].While structured priors yield
high accuracy when well-aligned with the actual channel char-
acteristics, their performance degrades significantly under model
mismatch, which is common in hybrid-field THz environments.
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TABLE 2 Summary of channel estimation approaches for THz UM-MIMO.

Category Key techniques Strengths and Limitations

Sparse
reconstruction

Dictionary matrices (DFT-based for far-field, custom
grids for near-field), CS recovery [14, 15]

Works well for uniform far-field arrays; struggles
with near-field and hybrid-field generalization.

Bayesian
methods

AMP, EM-driven prior tuning,
structured/unstructured priors [16, 17]

High accuracy with known priors; less effective in
complex, unknown THz conditions.

Deep learning Data-driven mapping, deep unfolding of iterative
solvers [18, 19]

Handles complexity well; limited by scalability,
adaptability, and out-of-distribution performance.

In contrast, unstructured priors offer greater adaptability at
the cost of reduced precision, highlighting a trade-off between
generalizability and estimation accuracy.

Deep learning approaches circumvent the need for explicit priors
by learning intrinsic channel characteristics directly from data.
In purely data-driven frameworks, pilot signals are mapped
to channel estimates through end-to-end neural architectures,
offering fast inference but often lacking interpretability and an
understanding of the underlying measurement process [18]. To
address this, model-driven techniques—commonly referred to
as deep unfolding—transform traditional iterative solvers into
structured neural networks with trainable parameters [19]. This
hybrid design preserves algorithmic transparency while enhanc-
ing estimation accuracy. However, deep unfolding methods
encounter several practical challenges: scaling to large antenna
arrays significantly increases memory requirements, fixed-layer
architectures restrict adaptability, and convergence is not always
assured. Moreover, their performance tends to degrade when
applied to scenarios that deviate from the training distribution—a
frequent occurrence in dynamic THz environments characterized
by hybrid propagation paths and intermittent blockages. These
limitations underscore the need for more robust and adap-
tive channel estimation frameworks, motivating the approach
proposed in this work for THz UM-MIMO systems.

1.2 Contributions

This paper proposes a deep learning framework, termed fixed
point networks (FPNs), to address the complex challenge of
channel estimation in hybrid-field THz UM-MIMO systems with
non-uniform planar AoSAs. The approach offers a practical, low-
complexity solutionwith strong theoretical grounding and robust
performance. The key contributions are:

∙ FPNs are introduced, reframing channel estimation as a fixed-
point iteration of a contractionmapping. A closed-form linear
estimator rooted in traditional methods blends with a deep
learning-driven non-linear estimator, streamlining computa-
tion and tackling limitations of existing DL algorithms for a
fresh take on efficiency and accuracy.

∙ The framework’s versatility is enhanced by pairing FPNs
with iterative algorithms, notably enhancing Orthogonal
ApproximateMessage Passing (OAMP) into FPN-OAMP. This
estimator excels in hybrid-field THz UM-MIMO scenarios,
managing narrowband and wideband conditions—including
beam squint—with ease and precision.

∙ The method delivers two theoretical strengths. First, it scales
effortlessly for UM-MIMO systems, leveraging one-step gra-
dient training to maintain steady computational complexity
regardless of iteration count. Second, contraction properties
ensure linear convergence, balancing accuracy and resource
demands reliably. Simulations confirm top-tier performance
and the fastest convergence among iterative estimators.

∙ Robustness is proven through extensive simulations, show-
ing solid generalization across diverse channel conditions,
measurement matrices, and noise levels with minimal per-
formance dips. For tricky array geometries or sudden shifts,
an unsupervised self-adaptation feature is activated, ensuring
real-time reliability without faltering.

1.3 Paper Organization and Notation

The remainder of this paper is organized as follows. Section 2
introduces the system architecture, outlines the channel charac-
teristics specific to THz UM-MIMO environments, and formu-
lates the estimation problem. Section 3 presents the theoretical
foundation of the proposed estimation framework, including
the architectural design and optimization strategies of the
FCNN and CNN modules. Section 4 discusses the experimental
setup and provides a comprehensive evaluation of the proposed
methods through simulation results under various conditions.
Finally, Section 5 concludes the paper by summarizing the key
findings and suggesting future directions for research in deep
learning-assisted channel estimation in next-generation THz
communication systems.

Notation. Boldface lowercase letters (e.g., 𝐡) denote vectors,
boldface uppercase letters (e.g., 𝐇) signify matrices, and cal-
ligraphic letters (e.g., ) represent sets. The transpose and
Hermitian transpose are indicated by (⋅)𝑇 and (⋅)𝐻 , respectively.
The Frobenius norm is written as ‖ ⋅ ‖𝐹 , and 𝔼[⋅] stands for the
expectation operator.

2 SystemModel and Problem Formulation

This work addresses uplink channel estimation in THz UM-
MIMO systems, illustrated in Figure 2. The base station (BS)
employs a planar AoSA structure with

√
𝑆 ×

√
𝑆 subarrays (SAs),

each composed of
√
𝑆′ ×

√
𝑆′ antenna elements (AEs), yielding a

total of 𝑆𝑆′ antennas. A partially connected hybrid beamforming
setup is adopted, where each SA connects to a single RF chain via
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FIGURE 2 Near-field and far-field communication with spherical
and planar wave propagation.

dedicated phase shifters, resulting in 𝑆 RF chains for receiving
data from multiple single-antenna user equipments (UEs) [20].

Subarrays and AEs are indexed as follows:

∙ Subarray 𝑠 in row𝑚, column 𝑛: 𝑠 = (𝑚 − 1)
√
𝑆 + 𝑛.

∙ Antenna element 𝑠′ in row 𝑚̄, column 𝑛̄: 𝑠′ = (𝑚̄ − 1)
√
𝑆′ + 𝑛̄.

With the AoSA placed on the x-y plane, the coordinates of the
𝑠′-th AE in the 𝑠-th SA are:

𝑝𝑠,𝑠′ =
⎛⎜⎜⎜⎝
(𝑚 − 1)[(

√
𝑆′ − 1)𝑑𝑎 + 𝑑𝑠𝑢𝑏] + (𝑚̄ − 1)𝑑𝑎

(𝑛 − 1)[(
√
𝑆′ − 1)𝑑𝑎 + 𝑑𝑠𝑢𝑏] + (𝑛̄ − 1)𝑑𝑎

0

⎞⎟⎟⎟⎠ , (1)

where 𝑑𝑠𝑢𝑏 is the inter-subarray spacing, and 𝑑𝑎 =
𝜆𝑐

2
is the AE

spacing. Subarray spacing is defined as 𝑑𝑠𝑢𝑏 = 𝑤𝑑𝑎, with 𝑤 ≫ 1

in THz setups.

The aperture 𝐷 of the array is given by:

𝐷 =
√
2[
√
𝑆(𝑆′ − 1)𝑑𝑎 + (

√
𝑆 − 1)𝑑𝑠𝑢𝑏], (2)

leading to a large Rayleigh distance𝐷Rayleigh =
2𝐷2

𝜆𝑐
, which defines

the transition between near- and far-field wave propagation [21].

2.1 Hybrid-Field THz UM-MIMO Channel Model

The spatial-frequency channel between the BS and a single UE is
modeled as:

ℎ̃ =
𝐿∑
𝑙=1

𝛼𝑙(𝑓𝑐)𝑎(𝜑𝑙, 𝜃𝑙, 𝑟𝑙, 𝑓𝑐)𝑒
−𝑗2𝜋𝑓𝑐𝜏𝑙 , (3)

where 𝛼𝑙(𝑓𝑐) includes path loss and molecular absorption, and
𝑎(⋅) is the array response as shown in Figure 3. LoS path loss is:

𝛼𝑙(𝑓𝑐) = |Γ𝑙| 𝑐

4𝜋𝑓𝑐𝑟1
𝑒
− 1

2
𝑘abs(𝑓𝑐)𝑟1 , (4)

FIGURE 3 System architecture with AoSA-based THz UM-MIMO.

with Γ𝑙 as the reflection coefficient and 𝑘abs as the absorption
factor [22].

The array response is defined as:

𝑎(𝜑𝑙, 𝜃𝑙, 𝑟𝑙, 𝑓𝑐) =

{
𝑎near(𝜑𝑙, 𝜃𝑙, 𝑟𝑙, 𝑓𝑐), 𝑟𝑙 < 𝐷Rayleigh,

𝑎far(𝜑𝑙, 𝜃𝑙, 𝑟𝑙, 𝑓𝑐), otherwise,
(5)

where the near-field response is:

(𝐴near)𝑠,𝑠′ = 𝑒
−𝑗 2𝜋𝑓𝑐

𝑐
‖𝑝𝑠,𝑠′−𝑟𝑙 𝑡𝑙‖2 , (6)

with 𝑡𝑙 as the unit direction vector. The far-field approximation is:

(𝐴far)𝑠,𝑠′ = 𝑒
−𝑗 2𝜋𝑓𝑐

𝑐
(𝑝⊤
𝑠,𝑠′

𝑡𝑙−𝑟𝑙 ). (7)

2.1.1 Sparse Channel Representation

The spatial channel ℎ̃ is sparsely represented as ℎ̃ = 𝐹ℎ̄, where 𝐹
is a block-diagonal dictionary matrix. For far-field paths, DFT-
based dictionaries are used for each SA. In hybrid conditions,
dictionary learning becomes necessary due to varying path
dependencies [17]. The proposed approach bypasses handcrafted
dictionaries, using a deep learning model for adaptive and
robust estimation.

2.2 Problem Formulation

A single UE transmits orthogonal pilot symbols 𝐩𝑞 ∈ ℂ1×1 across
𝑄 time slots, where each 𝐩𝑞 represents the pilot signal transmitted
during the 𝑞-th slot. These pilot symbols are assumed to be
orthogonal and normalized such that 𝐩𝐻𝑞 𝐩𝑞 = 1.

The received signal at the BS in the 𝑞-th slot can be modeled as:

𝐲𝑞 = 𝐖𝐻
BB,𝑞𝐖

𝐻
RF,𝑞𝐡̃𝐩𝑞 +𝐖𝐻

BB,𝑞𝐖
𝐻
RF,𝑞𝐧𝑞, (8)

where 𝐡̃ ∈ ℂ𝑁×1 denotes the spatial-frequency channel vector,
𝐖BB,𝑞 ∈ ℂ𝑁×𝑁 is the baseband combiner (set as 𝐈), and𝐖RF,𝑞 ∈

ℂ𝑁×𝑁 is the analog combiner constructed from one-bit quantized
phase shifters.

4 of 12 IET Communications, 2025
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Assuming orthogonal pilot sequences and aggregating received
signals over 𝑄 slots, the composite signal model becomes:

𝐲̄ = 𝐌̄𝐡̄ + 𝐧̄, (9)

where 𝐌̄ = [𝐖RF,1𝐅𝐩1 ⋯ 𝐖RF,𝑄𝐅𝐩𝑄]
𝑇 , and 𝐧̄ is the stacked noise

vector across time slots.

To enable learning in real-valued space, themodel is reformulated
as:

𝐲 =

(
ℜ(𝐲̄)

ℑ(𝐲̄)

)
, 𝐡 =

(
ℜ(𝐡̄)

ℑ(𝐡̄)

)
, 𝐌 =

(
ℜ(𝐌̄) −ℑ(𝐌̄)

ℑ(𝐌̄) ℜ(𝐌̄)

)
.

(10)
The objective is to estimate the channel vector 𝐡 from the
observation 𝐲 and known measurement matrix 𝐌. This for-
mulation serves as the foundation for the proposed FPN-based
deep learning framework aimed at robust channel estimation in
high-dimensional THz UM-MIMO environments.

3 Channel Estimation Techniques

In the THzUM-MIMO system, various channel estimationmeth-
ods are adapted to exploit sparsity and hybrid-field propagation.
Each technique is tailored to the structured AoSA setup with
hybrid beamforming [23].

3.1 Least Squares (LS)

LS offers a baseline by minimizing the difference between the
received and estimated signals without assuming sparsity:

𝐡̂ = argmin
𝐡

‖‖𝐲 −𝐖𝐻
BB𝐖

𝐻
RF𝐅𝐡

‖‖22 , (11)

where 𝐖BB, 𝐖RF, and 𝐅 denote the combining and dictionary
matrices [24].

3.2 Orthogonal Matching Pursuit (OMP)

OMP approximates the sparse channel by iteratively selecting
dictionary atoms that best match the residual signal:

𝐡̂(𝑡+1) = argmin
𝐡

‖‖𝐲 −𝐖𝐻
BB𝐖

𝐻
RF𝐅𝐡

(𝑡)‖‖22 , s.t. sparsity, (12)

with 𝐅 constructed block-wise for each SA. The residual is
updated in each iteration.

3.3 Orthogonal Approximate Message Passing
(OAMP)

OAMP refines the channel estimate using linear and non-linear
steps:

𝐮(𝑡+1) = 𝐡(𝑡) +𝐖𝐻
BB𝐖

𝐻
RF

(
𝐲 −𝐖𝐻

BB𝐖
𝐻
RF𝐅𝐡

(𝑡)
)
, (13)

𝐡(𝑡+1) = 𝜂𝑡(𝐮
(𝑡+1)), (14)

where 𝜂𝑡(⋅) applies prior-informed denoising [12].

3.4 Fast Iterative Shrinkage-Thresholding
Algorithm (FISTA)

FISTA enhances ISTAwithmomentum-based updates to acceler-
ate convergence:

𝐮(𝑡+1) = 𝐡(𝑡) + 𝜌𝐖𝐻
BB𝐖

𝐻
RF𝐅

𝐻
(
𝐲 −𝐖𝐻

BB𝐖
𝐻
RF𝐅𝐡

(𝑡)
)
, (15)

𝐡(𝑡+1) = soft-thresholding(𝐮(𝑡+1), 𝜆∕𝜌), (16)

where 𝜌 is the step size and 𝜆 controls sparsity.

3.5 Expectation-Maximization Generalized
Expectation Consistent (EM-GEC)

EM-GEC combines EM and GEC to iteratively maximize the
posterior distribution:

𝐡̂(𝑡+1) = argmax
𝐡

𝑝(𝐲|𝐡)𝑝(𝐡), (17)

where 𝑝(𝐲|𝐡) is the likelihood and 𝑝(𝐡) is the prior, modeled
using Gaussian mixtures [25].

3.6 ISTA-Net+

ISTA-Net+ unfolds ISTA into a learnable deep network. Each
layer mimics an ISTA step:

𝐡(𝑡+1) = soft-thresholding
(
𝐡(𝑡) + 𝜌𝐖𝐻

BB𝐖
𝐻
RF𝐅

𝐻
(
𝐲 −𝐖𝐻

BB𝐖
𝐻
RF𝐅𝐡

(𝑡)
)
, 𝜆
)
,

(18)
with 𝜌 and 𝜆 learned from training data [26].

3.7 FPN-OAMP: Fixed Point Networks with
OAMP

FPN-OAMP enhances OAMP with neural network adaptability
while ensuring convergence to a fixed point. The estimation
follows a two-step process:

1) Linear Estimator (LE):

𝐮(𝑡+1) = 𝐡(𝑡) +𝐖(𝑡)(𝐲 −𝐌𝐡(𝑡)), (19)

where𝐖(𝑡) is a decorrelation matrix, often derived as a pseudo-
inverse of𝐌.

2) Non-linear Estimator (NLE):

𝐡(𝑡+1) = 𝑓NLE,𝜃(𝐮
(𝑡+1)), (20)

with 𝑓NLE,𝜃 implemented as a ResNet, capturing channel features.
Convergence is ensured through contraction mapping properties
based on Banach’s fixed point theorem [27].

This structure eliminates the need for storing intermediate
states, reducing memory overhead to 𝑂(1). Gradient updates are
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ALGORITHM 1 FCNN for Linear Channel Estimation

Input: Signal 𝐲, pilot 𝐏, target𝐇, epochs 𝐸, batch size 𝐵,
learning rate 𝜂.

Output: Estimated channel 𝐇̂.
1 Initialize: FCNN with 𝐿 layers, ReLU, and dropout.

for epoch 𝑒 = 1 to 𝐸 do

2 for each batch 𝑏 do

3 Compute output 𝐨 = 𝜙(𝐖 ⋅ 𝐗 + 𝐛).
Compute loss  = ‖𝐨 −𝐇‖2.
Update weights using gradient descent.

4 Return 𝐇̂.

efficiently computed using the implicit function theorem:

𝜕𝐿

𝜕𝜃
= 𝜕𝐿

𝜕𝐡∗

(
𝐼 −

𝜕𝑓𝜃(𝐡
∗; 𝐲)

𝜕𝐡∗

)−1
𝜕𝑓𝜃(𝐡

∗; 𝐲)

𝜕𝜃
. (21)

This design enables efficient, real-time estimation under varying
THz channel conditions [28], combining the strengths of iterative
and data-driven approaches.

3.8 Proposed Scheme

To address the complexity of THzUM-MIMOchannel estimation,
the proposed scheme employs a dual-network approach: a FCNN
for linear estimation and a CNN for non-linear refinement. This
separation ensures adaptability across diverse channel condi-
tions.

3.8.1 Proposed FCNN

The FCNN targets linear estimation challenges as shown in
Algorithm 1 by processing the input signal 𝐗 ∈ ℝ𝑀×𝑁 , where
𝑀 and 𝑁 are the numbers of transmit and receive antennas,
respectively, as shown in Figure 4. The network outputs a
channel estimate 𝐇̂FCNN ∈ ℝ𝑀×𝑁 . The detailed processing stages
of the FCNN model, including input transformation, dense layer
operations, regularization, and training workflow, are illustrated
in Figure 4

𝐇̂FCNN = 𝑓FCNN(𝐗; 𝜽), (22)

where 𝑓FCNN(⋅) denotes the learned mapping and 𝜽 are trainable
weights. The architecture includes multiple dense layers with
ReLU activation and dropout to reduce overfitting.

The loss function minimizes mean squared error (MSE) between
predictions and ground truth:

FCNN = 1

𝑀𝑁

𝑀∑
𝑖=1

𝑁∑
𝑗=1
(𝐻𝑖𝑗 − 𝐻̂𝑖𝑗)

2. (23)

FCNN demonstrates superior normalized mean squared error
(NMSE) performance under high signal-to-noise ratio (SNR)
conditions compared to LS and OMP.

FIGURE 4 Flow diagram of the proposed FCNN channel estima-
tion process.

FIGURE 5 Flow diagram of the CNN-based channel estimation
process.

3.8.2 Proposed CNN Scheme

To model non-linear channel dependencies, CNN is applied to
𝐇̂FCNN, refining the initial estimate:

𝐇̂CNN = 𝑓CNN(𝐇̂FCNN; 𝝓),

where 𝑓CNN(⋅) is the convolutional mapping and 𝝓 are trainable
parameters. The CNN includes convolutional layers with ReLU
and batch normalization, pooling layers, and fully connected
output layers as shown in Figure 5. This provides a detailed
depiction of the CNN-based channel estimation architecture,
illustrating each stage from feature extraction to final output
generation and optimization as shown in Algorithm 2.

The loss function is:

CNN = 1

𝑀𝑁

𝑀∑
𝑖=1

𝑁∑
𝑗=1
(𝐻𝑖𝑗 − 𝐻̂𝑖𝑗)

2.

6 of 12 IET Communications, 2025

 17518636, 2025, 1, D
ow

nloaded from
 https://ietresearch.onlinelibrary.w

iley.com
/doi/10.1049/cm

u2.70053 by U
niversity O

f W
itw

atersrand, W
iley O

nline L
ibrary on [16/06/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



ALGORITHM 2 CNN for Non-Linear Channel Estimation

Input: Signal 𝐲, pilot 𝐏, target𝐇, epochs 𝐸, batch size 𝐵,
filters 𝐅, learning rate 𝜂.

Output: Estimated channel 𝐇̂.
5 Initialize: CNN with 𝐶 layers, kernel size 𝐾 × 𝐾, ReLU, and

pooling.
for epoch 𝑒 = 1 to 𝐸 do

6 for each batch 𝑏 do

7 Perform convolution: 𝐨𝑐𝑜𝑛𝑣 = 𝜙(𝐅 ∗ 𝐗).
Apply pooling, flatten, and compute loss.
Update filters and weights via backpropagation.

8 Return 𝐇̂.

CNN shows improved performance under low SNR and noisy
environments, outperforming ISTA-Net+ and EM-GEC.

FCNN and CNN provide complementary strengths. FCNN is
efficient and effective in high SNR regimes by capturing linear
patterns. CNN extends this by refining estimates through spatial
feature learning, excelling under low SNR and interference. Their
combined use addresses diverse estimation challenges in THz
UM-MIMO systems.

3.8.3 Computational Complexity Analysis

To assess the computational efficiency of the proposed channel
estimation framework, we analyze and compare the complexity
of our scheme with existing techniques. The conventional least
squares (LS) estimator has a complexity of (𝑁2), where𝑁 is the
total number of antennas. Compressed sensing-based methods
such as OMP and FISTA require iterative operations over sparse
domains, with complexities scaling as (𝑘𝑁2), where 𝑘 is the
sparsity level. Model-driven schemes like OAMP and ISTA-Net+
involve matrix multiplications and layer-wise updates, typically
with (𝐿𝑁2), where 𝐿 is the number of unfolding layers.

In contrast, the proposed FCNN model consists of three dense
layers with 256 neurons, yielding a computational complexity
of approximately (3 ×𝑁 × 256), and the CNN module incor-
porates convolutional layers with a total of 48 filters (16 and 32
filters) and kernel size 3 × 3, adding approximately (48 × 𝑘2 ×
𝑁). Overall, the proposed architecture reduces complexity by
eliminating iterative reconstruction steps and enables constant-
time inference once trained, with memory complexity scaling as
(1) due to fixed-point convergence.

Empirically, the proposed FCNN+CNN model processes a single
inference pass in under 10 ms on a standard GPU (NVIDIA RTX
3080), whereas traditional OMP and FISTA require 5–10× longer
runtime under similar conditions. This highlights the practicality
and scalability of our approach for real-time channel estimation
in large-scale THz UM-MIMO systems.

In addition to the theoretical complexity analysis, a quantitative
comparison of the computational profiles for the various consid-
ered methods is summarized in Table 3. The table reports the
inference time, training complexity, and model size (in terms of

learnable parameters) for each technique. Traditional methods
such as LS, OMP, FISTA, and EM-GEC, while requiring no train-
ing effort, exhibit relatively higher inference times due to their
iterative nature. In contrast, deep learning-based approaches,
including ISTA-Net+, FPN-OAMP, and the proposed FCNN and
CNN models, demonstrate significantly reduced inference times
once trained, with the proposed schemes achieving inference
within approximately 8–9 ms. Moreover, the moderate model
sizes of the FCNN and CNN further emphasize their suitability
for real-time channel estimation in resource-constrained THz
UM-MIMO deployments.

4 Results and Discussions

The results are analyzed through extensive simulations con-
ducted under an indoor THz MIMO scenario, incorporating
diverse channel conditions such as varying SNR levels, noise
scaling factors, batch sizes, and user configurations to thoroughly
evaluate the robustness and adaptability of the proposed frame-
work.

4.1 Simulation Setup

Our evaluation is conducted in an indoor MIMO scenario fea-
turing dense multipath propagation due to reflective surfaces
such as walls and obstacles. Base station (BS) is outfitted with𝑀
antennas and serves multiple UEs distributed within the indoor
environment. To simulate channel conditions, scatterer distances
𝑟𝑙 are uniformly distributed to encompass both near-field and far-
field hybrid-channel effects. Setup incorporates a mix of LoS and
NLoS propagation paths, reflecting the complexity commonly
observed in indoor environments. The primary performance
metric used is the NMSE between the estimated and ground-
truth channels, averaged over a test dataset as shown in Table 4.
Our approach leverages a fixed point network (FPN) combined
with CNN to enhance robustness and accuracy in challenging
multipath conditions. Comparative benchmarks include tradi-
tional LS methods, compressed sensing techniques, and deep
learning-basedmodels such as standardFPN-OAMP.Ourmethod
demonstrates reduced pilot overhead while maintaining superior
estimation accuracy in dense indoor multipath scenarios.

4.2 Training Environment and Implementation
Details

To provide a complete overview of the experimental setup and
to ensure the reproducibility of results, the training environment
used for model development is outlined in this section. The
proposed FCNN and CNN models were implemented using the
PyTorch framework (version 2.0) with Python 3.9. All training
experiments were carried out on a system equipped with an
NVIDIA RTX 3080 GPU (10GB VRAM), 64GB RAM, and an
Intel Core i9-11900K CPU. The models were optimized using the
stochastic gradient descent (SGD) algorithm with a learning rate
of 0.01, a batch size of 64, and a dropout rate of 0.5, over 15 training
epochs. Random seed initialization was employed to maintain
consistency and reproducibility across all experimental trials.
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TABLE 3 Quantitative comparison of inference time, training complexity, and model parameters for different channel estimation methods.

Method
Inference
time (ms) Training complexity

Model parameters
(thousands)

Least squares (LS) ∼1 None (no training required) N/A
Orthogonal matching pursuit (OMP) ∼50 None (no training required) N/A
Orthogonal approximate message
passing (OAMP)

∼70 None (no training required) N/A

Fast iterative shrinkage-thresholding
algorithm (FISTA)

∼55 None (no training required) N/A

Expectation-maximization generalized
expectation consistent (EM-GEC)

∼65 None (no training required) N/A

ISTA-Net+ ∼40 High (deep unfolding-based training) ∼250
FPN-OAMP ∼35 High (model-driven deep learning) ∼200
Proposed FCNN ∼8 Moderate (supervised training) ∼100
Proposed CNN ∼9 Moderate (supervised training) ∼120

TABLE 4 Key parameters of the proposed model.

Parameter Value/setting

Number of antennas 256
Number of users 2
SNR levels (dB) −10, −5, 0, 5, 10, 15, 20
Data split 70% Train, 15% validation, 15% test
Loss function Mean squared error (MSE)
Optimizer SGD
Dropout rate 0.5
Regularization L2 (0.01)
Batch size 64
Epochs 15
Input shape (256, 10)
CNN layers Conv2D (16, 32)→ dense (256)→ output
FCNN layers Dense (256)→ output
Evaluation metric NMSE
Noise factor 0.5
File formats .npz (data), .keras (models)

4.3 Result Analysis

The convergence characteristics of the proposed FCNN and CNN
models were evaluated by examining the training and validation
loss trajectories across 15 epochs, as shown in Figure 6. The
training loss exhibited a consistent decline without significant
fluctuations, indicating stable optimization and effective learn-
ing. The validation loss followed a similar downward trend,
reflecting strong generalization capability and minimal risk of
overfitting. These observations confirm that the FCNN archi-
tecture, in conjunction with the selected hyperparameters and
training configuration, achieves reliable convergence within a
limited number of iterations.

FIGURE 6 Training and validation loss curves for FCNN and CNN.

Table 5 highlights the robust performance of the proposed FCNN
andCNNmodels across varying SNR levels, batch sizes, and noise
scaling factors. The FCNN consistently achieves superior NMSE
values, demonstrating its efficiency and adaptability. The table
underscores the models’ rapid convergence and suitability for
6G-enabled THz communication systems.

Figure 7 compares NMSE versus SNR for the proposed FCNN
(linear) andCNN (non-linear)models against various benchmark
schemes. The proposed FCNN consistently outperforms all other
methods, achieving anNMSEof approximately−32.45 dB at 20 dB
SNR,while the CNNmodelmaintains superior performancewith
an NMSE of−32.92 dB across all SNR levels. Traditional schemes,
such as LS, deliver the poorest results, with NMSE values
remaining positive, near 0 dB at 20 dB SNR, indicating their
inadequacy for high-dimensional channel estimation. Advanced
methods, including OMP, OAMP, and FISTA, achieve moderate
performance improvements, with NMSEs of approximately −7
dB, −9 dB, and −10 dB, respectively, at 20 dB SNR.

8 of 12 IET Communications, 2025

 17518636, 2025, 1, D
ow

nloaded from
 https://ietresearch.onlinelibrary.w

iley.com
/doi/10.1049/cm

u2.70053 by U
niversity O

f W
itw

atersrand, W
iley O

nline L
ibrary on [16/06/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



FIGURE 7 NMSE comparison at varying SNR.

Deep learning-based approaches, such as ISTA-Net+ and EM-
GEC, show competitive results, achieving NMSEs of −11 dB
and −12 dB, respectively. Among the benchmarks, FPN-OAMP
demonstrates the best performance at −15 dB NMSE, but it
still lags significantly behind the proposed models. The analysis
highlights the effectiveness of the proposed FCNN and CNN
models in reducing channel estimation errors, demonstrating
their robustness and adaptability in high-dimensional THz com-
munication scenarios. Their ability to outperformboth traditional
and advanced benchmarks underscores their superiority for
channel estimation tasks.

Figure 8 demonstrates superior performance of proposed FCNN
(linear) and CNN (nonlinear) models in channel estimation
across different iterations at SNR levels of 0 dB and 5 dB. At
SNR = 0 dB, FCNN begins with an NMSE of approximately
−30 dB, stabilizing at around −40 dB after 15 iterations, while
the CNN surpasses this performance, achieving a final NMSE of
approximately −42 dB. In contrast, benchmark models such as
OAMP, FISTA, and EM-GEC show significantly inferior results,
stabilizing between −17 dB and −25 dB. ISTA-Net+ and FPN-
OAMP perform marginally better, with final NMSE values near
−25 dB. A similar trend is observed at SNR = 5 dB, where the
FCNN model improves from −35 dB to −45 dB, and the CNN
model achieves the best performance, stabilizing at −47 dB after
15 iterations. Benchmark models show modest improvements,
with OAMP converging near −28 dB, and FISTA and EM-GEC
stabilizing around −25 dB and −24 dB, respectively. ISTA-Net+
and FPN-OAMP exhibit slightly better results, ending near −30
dB. Across both SNR levels, the proposed models consistently
outperform benchmarks by a significant margin of 10–20 dB,
demonstrating their robustness, stability, and efficiency in chan-
nel estimation tasks. These findings underscore the effectiveness
of the proposed FCNN and CNN schemes, particularly in sce-
narios with varying SNR levels and iteration counts, establishing
them as robust solutions for precise channel estimation in THz
communication systems.

Figure 9 illustrates that the proposed FCNN and CNN models
demonstrate remarkable performance in channel estimation

FIGURE 8 Comparison of NMSEd performance over iterations at
SNR levels of 0 dB and 5 dB.

FIGURE 9 Performance analysis of NMSE versus SNR for various
user scenarios (users = 2, 4, 6, and 8) across different channel estimation
schemes.

when compared to both traditional and advanced schemes,
including LS, OMP, OAMP, FISTA, EM-GEC, ISTA-Net+, and
FPN-OAMP, undermultiple user and SNR configurations. For the
case with two users (User = 2), the FCNNmodel achieves NMSE
values ranging from −27.02 dB at −10 dB SNR to −28.48 dB at
20 dB SNR, consistently outperforming FPN-OAMP by approxi-
mately 0.7 dB. The CNNmodel further establishes its dominance

9 of 12

 17518636, 2025, 1, D
ow

nloaded from
 https://ietresearch.onlinelibrary.w

iley.com
/doi/10.1049/cm

u2.70053 by U
niversity O

f W
itw

atersrand, W
iley O

nline L
ibrary on [16/06/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



FIGURE 10 NMSE vs SNR analysis for various batch sizes (32, 64,
and 128), showcasing the impact of batch size on the performance of
different channel estimation schemes.

with a steady NMSE of−29.43 dB, underscoring its robustness. In
the scenario with four users (User = 4), the FCNN maintains its
superior performance, achieving NMSE values from−26.91 dB to
−28.41 dB across the SNR range, with an average improvement of
0.8 dB over FPN-OAMP. The CNN model achieves a consistent
NMSE of −29.12 dB. A similar trend is observed when the
number of users is increased to six and eight. The FCNN model
achieves NMSE improvements of approximately 0.75 dB, main-
taining its competitive edge. TheCNNmodel consistently delivers
NMSE values between −29.35 dB and −29.40 dB, highlighting
its robustness and reliability. Overall, these results affirm the
adaptability of the proposed models across varying user counts
and SNR levels, positioning FCNN and CNN as compelling
solutions for high-dimensional channel estimation in advanced
THz UM-MIMO systems.

In Figure 10, NMSE performance analysis of suggested FCNN
(linear) and CNN (nonlinear) models across batch sizes of 32, 64,
and 128 highlights their superiority over traditional schemes. For
a batch size of 32, the FCNN achieves NMSE values from −30 dB
at SNR −10 dB to −32 dB at SNR 20 dB, while the CNNmaintains
a consistent performance around −33 dB. In contrast, traditional
schemes such as LS and OMP exhibit significantly higher NMSE
values, typically from −10 dB to −5 dB, demonstrating their
limitations in high-dimensional channel estimation. Increasing
the batch size to 64 improves the FCNN’s performance to −31
dB to −33 dB, with the CNN further enhancing results to −34
dB. Benchmarks such as ISTA-Net+ and FPN-OAMP perform
better than earlier schemes but remain significantly behind the
proposed models, with NMSE values between −20 dB and −25
dB. For the largest batch size of 128, the FCNN reaches NMSE
values of −32 dB to −34 dB, while the CNN achieves the best per-

formance, maintaining a consistent NMSE of −35 dB. Competing
schemes like FISTA and EM-GEC improvemarginally but still lag
behind the proposed models by 5–10 dB. This analysis confirms
the scalability and robustness of the proposed FCNN and CNN
models, making them highly effective for high-dimensional THz
MIMO channel estimation, especially under varying batch sizes
and challenging SNR conditions (Table 5).

In Figure 11, the NMSE vs. SNR analysis for varying noise
power scaling values (0.5, 1, and 2) highlights the superior
performance of proposed FCNN (linear) along with CNN (non-
linear) models. At a noise scaling factor of 0.5, the proposed
models achieve NMSE values of approximately −32 dB (FCNN)
and −33 dB (CNN) at high SNRs, significantly outperforming
traditional methods such as LS, which show NMSE values
exceeding −10 dB. For a noise scaling factor of 1, the proposed
models maintain robust performance, achieving NMSE values
around −29 dB (FCNN) and −30 dB (CNN). Advanced models
like ISTA-Net+ and FPN-OAMP show moderate degradation,
while traditional methods such as OMP and LS suffer severe
declines, with NMSE values close to −5 dB or worse at higher
SNRs. With a noise scaling factor of 2, the proposed models
continue to demonstrate resilience, maintaining NMSE values of
approximately −25 dB (FCNN) and −26 dB (CNN) at high SNRs.
Traditional approaches such as LS and OMP fail entirely, with
NMSEvalues nearing 0 dB,while advancedmodels lag behind the
proposed schemes by a notablemargin. This analysis underscores
the robustness of proposed FCNN and CNN models, which
consistently outperform traditional and advancedmethods across
all noise conditions. Their ability to maintain low NMSE values
even under challenging scenarios reinforces their effectiveness
for real-world THz UM-MIMO channel estimation.

5 Conclusion

This paper presented a novel deep learning framework tailored
for efficient channel estimation in terahertz (THz) ultra-massive
multiple-input multiple-output (UM-MIMO) systems. By lever-
aging FCNN for linear estimation and CNN for non-linear
estimation, the proposed methodology addresses the inherent
challenges posed by hybrid-field scenarios and dynamic noise
conditions. Experimental results reveal that the suggested FCNN
achieves significant improvements in normalized mean squared
error (NMSE), outperforming traditional methods such as least
squares (LS) by 90.72%, orthogonal matching pursuit (OMP)
by 80.62%, and advanced techniques like FISTA by 54.45%
and FPN-OAMP by 28.54%, across varying signal-to-noise ratio
(SNR) levels. These results underscore the framework’s ability
to provide up to 20 dB enhancement in NMSE compared to
existing benchmarks.

The evaluation was conducted under an indoor THz MIMO
environment, characterized by rich multipath propagation and
dynamic SNR conditions. Additionally, the robustness of the
proposed models to diverse noise scaling, dynamic SNR varia-
tions, and varying batch sizes highlights their applicability to
real-world 6G-enabled THz communication scenarios. The con-
stancy of CNN throughout the framework further ensures model
stability and computational efficiency. This study lays a strong
foundation for addressing high-dimensional channel estimation
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TABLE 5 Performance summary and insights of proposed models.

Performance
metric

Proposed FCNN
(linear)

Proposed CNN
(non-linear) Observation

Best NMSE (dB) −32.48 −29.43 FCNN demonstrates superior accuracy
across all SNR levels.

Noise robustness
(scaling)

Consistent up to
2.0 scaling

Stable across
noise levels

Both models maintain stability under high
noise conditions.

Batch size
efficiency

Optimal at 64-128 Optimal at 64 FCNN benefits from larger batch sizes, while
CNN stabilizes at moderate sizes.

SNR sensitivity Improves linearly
with SNR

Shows minimal
variation

FCNN adapts effectively to SNR variations,
CNN maintains consistent output.

NMSE
improvement (%)

Up to 20% over
CNN

N/A FCNN consistently outperforms CNN,
especially in linear scenarios.

Training epochs Converges in 15
epochs

Converges in 15
epochs

Rapid convergence observed for both
models.

Dataset split 70% Train, 15%
validation, 15% test

Same
configuration

Uniform dataset split ensuring fair
comparison.

FIGURE 11 NMSE vs. SNR under varying noise scaling factors
(0.5, 1, and 2), demonstrating the robustness of the proposed scheme to
different noise levels.

challenges and provides a pathway for future research in opti-
mizing deep learning architectures. Potential extensions include
exploring hybrid learning paradigms, addressing multi-user and
multi-cell environments, and incorporating the approach into
hardware-constrained systems to address the requirements of
next-generation wireless networks.
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