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Abstract

Accurate wireless channel estimation is critical for next-generation wireless sys-
tems, enabling precise precoding for effective user separation, reduced interference
across cells, and high resolution sensing, among other benefits. Traditional model-
based channel estimation methods suffer, however, from performance degradation
in complex environments with limited number of pilots, while purely data-driven
approaches lack physical interpretability, require extensive data collection, and are
usually site-specific. This paper presents a novel physics-informed neural network
(PINN) framework that synergistically combines model-based channel estimation
with a deep network to exploit prior information about environmental propagation
characteristics and achieve superior performance under pilot-constrained scenarios.
The proposed approach employs an enhanced U-Net architecture with transformer
modules and cross-attention mechanisms to fuse initial channel estimates with
received signal strength (RSS) maps to provide refined channel estimates. Com-
prehensive evaluation using realistic ray tracing data from urban environments
demonstrates significant performance improvements, achieving over 5 dB gain
in normalized mean squared error (NMSE) compared to state-of-the-art methods,
with particularly strong performance in pilot-limited scenarios (achieving around
-13 dB NMSE with only four pilots at signal-to-noise ratio (SNR) = 0 dB). The pro-
posed framework maintains practical computational complexity, making it viable
for massive multiple-input multiple-output (MIMO) systems in upper-mid band
frequencies. Unlike black-box neural approaches, the physics-informed design
provides a more interpretable channel estimation method. Code is available at:
https://github.com/ajavid34/PINN_channel-estimation.

1 Introduction

Channel state information (CSI) is exploited by several functional blocks in a MIMO communication
system, including precoding and combining, scheduling, link adaptation or equalization. High
accuracy CSI is especially important when large arrays are exploited, many simultaneous users are
served, the channel is wide-band, or the communication signal is also exploited for localization or
sensing. In these scenarios, CSI inaccuracies may lead to beam misalignment, multiuser interference,
poor equalization, or reduced sensing resolution.

Traditional model-based channel estimation techniques for large-array MIMO systems often rely
on pilots. However, as the number of antennas increases, they require excessive training and incur
high computational complexity, which leads to performance degradation under overhead constraints
or in complex propagation environments [} 2, [3, 14]. Prior work has also proposed black-box,
fully data-driven approaches [5. |6, [7, [8], that often suffer from limited physical interpretability,
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demand large-scale data collection, or tend to generalize poorly beyond the specific site where they
were trained. Another approach exploits the combination of model-based and data-driven methods
[9]. However, these combined approaches often utilize the black-box structure of neural networks
along with simplistic channel models and unrealistic statistical data for training. In addition, the
exploitation of diffusion models in the recent channel estimation literature [9} 8] will also introduce a
high overhead in the backward process for generating the channels, and cannot be used in real-time
communication systems.

In this work, we combine traditional wireless channel estimation methods, which are model-based,
with a PINN approach. This hybrid strategy leverages environmental information to reduce overhead
and enhance performance while avoiding the end-to-end black-box structure. Additionally, we
evaluate our approach using ray tracing data, which closely resembles real-world data and effectively
captures most characteristics of the environment [10]. Numerical results show an improvement of
over 5 dB compared to the baselines, while having a practical latency for real-time applications. The
contribution of this work can be summarized as follows.

* We propose a hybrid architecture that combines model-based channel estimation with deep
learning by incorporating environmental propagation characteristics through RSS maps as
input. This approach leverages prior physical knowledge to constrain the solution space
even when pilot signals are severely limited.

* We design an enhanced U-Net architecture augmented with transformer modules and cross-
attention mechanisms that effectively fuse initial channel estimates with environmental
information, enabling the network to selectively incorporate physics-based environmental
knowledge rather than treating channel estimation and propagation characteristics as inde-
pendent modalities. To the best of our knowledge, this is the first work to integrate RSS
maps into a physics-informed neural network for pilot-limited MIMO channel estimation.

* We construct several realistic ray tracing datasets spanning multiple carrier frequencies and
deployment sites to evaluate the proposed approach and assess its generalization across
distribution shifts. This dataset is also provided for future contributions.

* We demonstrate substantial performance improvements through comprehensive evaluation
on realistic ray tracing datasets from urban environments, achieving over 5 dB gain in
normalized mean squared error compared to state-of-the-art methods, with particularly
strong performance in pilot-limited scenarios where our approach achieves approximately
-13 dB NMSE with only four pilots at O dB signal-to-noise ratio.

2 Problem Statement

Physical design:Wireless signal propagation is governed by Maxwell’s equations, which describe the
behavior of electromagnetic waves as they interact with the environment. Under the time-harmonic
assumption and appropriate simplifications, these equations can be reduced to an inhomogeneous
wave equation for the electric field [[11}/12]. The solution can be obtained using Green’s function
methods, which express the electric field as a superposition of contributions from source currents
and medium inhomogeneities (see Appendix B for detailed derivations). This formulation requires
knowledge of material properties such as wall thickness, relative permittivity, permeability, and
electrical conductivity. After computing the electric field distribution using numerical methods, the
total received power at a given location can be determined. The received power is proportional to the
squared magnitude of the electric field, and accounting for all multipath components (MPC), can be
expressed as [[13]]

Ppg(r) s > Ei(r)]| (1)
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where P denotes the number of propagation paths, A is the wavelength, 7 is the intrinsic impedance
of free space, and E) represents the complex amplitude of the electric field associated with the /-th
path at the receiver location. Using E(r) = Zle E(r), this relates to the total electric field. This
expression captures the coherent superposition of all path contributions, including their respective
amplitudes and phases.

Communication system: We consider a communication system operating in upper-mid bands (7-24
GHz), in an urban environment. The base station (BS) equipped with a uniform rectangular array



(URA) of size N; = N x N/ is at the top of a building, and the receiver vehicle operating at the
same frequency is equipped with a URA consisting of NV,, = N x NY elements. We considered
a time-domain frequency-selective channel due to multipath propagation. Hereby, the frequency
selective channel consisting P paths after sampling from continues-time channel can be defined as:

P
Hy =Y oufy (AT — (te — torr)) ar (037, 05) a (637, ¢7') , @)
/=1

where d is the channel tap index, T is the sampling interval, t,g is the clock offset between the
transmitter and receiver, f,(.) is the filtering function that factors in filtering effects in the system, c,
and ¢, are the complex gain and the time-of-arrival (ToA) of the [-th path, a, (H?Z, 921) represents the
receiver array response evaluated at the azimuth and elevation angle-of-arrival (AoA), denoted as 03"
and 65" respectively, and a; (¢3%, ¢¢') is the transmitter array response evaluated at the azimuth and

elevation angle-of-departure (AoD), denoted as ¢3” and gb?l respectively. The array responses can be
formulated as

a, (0°4,0°) =a(0”,0+) =a(0)2a(0") (3a)
a ((ﬁaz’(éel) —a (¢//’¢L) _ a(¢//) ®a (¢L) (3b)

where 6" = cos (HCI) sin (6%%) , 0+ = sin (GCI) , ¢ = cos ((b"l) sin (¢™) , ¢ = sin ((b"l), and a(-)
is the steering vector where [a(¥9)],, = e /™ (»~1? assuming a halfwavelength element spacing.

Connection between physical modeling and communication channel: The electromagnetic
analysis described above provides a physically grounded approach for modeling wireless propagation
by explicitly computing the electric field at any location, accounting for the detailed properties of the
environment. In contrast, modern communication system models represent the channel by a finite set
of propagation paths, each parameterized by delay, angle, and complex gain, as encapsulated in the
MIMO channel matrix {Hd}g’zl, each corresponding to a delay tap d, with D the total number of
resolvable taps. The physically computed field superposition at each receiver location thus defines
the per-tap response in the wide-band MIMO channel. The received signal strength can be calculated
per tap, or integrated across all taps, using the MIMO channel matrices,

D

Pr = Pr Z]E [trace(||Hd||§)] , 4
d=1

or, equivalently, from the summed field strengths at each tap. Here Pr is the transmission power.

3 Physics-Informed Neural Network

Initial channel estimation: The first step involves evaluating a coarse channel estimation. To
simplify our approach and avoid unnecessary complications, we utilize basic variations of least
squares (LS) estimation. However, this PINN method can be expanded to other initial channel
estimation methods. A detailed formulation of this stage can be found in Appendix [C]

Physical calculation: To introduce the physically informed network, it is important to evaluate
the RSS map using the numerical methods discussed earlier. A popular non-neural simulator for
this computation is Wireless Insite [14], which can accurately describe the physical structure of the
environment. Appendix [E| contains more information for this stage. We combine the behavior of the
wireless channel with physical calculations through a physically informed neural network. We assume
that the BS has a rough estimate of the user’s position. This information helps locate users on the
RSS map, allowing us to extract the approximate power levels in those areas for use in the network.
In practical wireless deployments, RSS maps can be evaluated using digital twin technology, which
creates real-time virtual representations of the electromagnetic propagation environment. Commercial
digital twin platforms like VIAVI’s Network Digital Twin and Ericsson’s NDT solutions already
provide Al-driven radio propagation modeling that can generate accurate RSS maps synchronized
with physical network conditions [15], while advanced ray tracing tools such as NVIDIA’s Instant
Radio Maps can compute high-resolution radio maps using real-world 3D environmental data [16].
These digital twins leverage high-definition 3D maps and ray-based propagation simulation to provide
real-time digital representations of electromagnetic environments.



Neural network design: We employ a physics-informed U-Net architecture with transformer
enhancement as illustrated in Figure[T} The network consists of a three-layer encoder-decoder Resnet-
based structure with symmetric skip connections, specifically designed for the channel estimation
task with spatial dimensions (NV,., N;). The encoder progressively downsamples the 2 x D-channel
input through convolutional blocks, reducing the spatial resolution while increasing the feature depth.
In the latent space, after flattening the extracted features, we integrate the physics-informed RSS map
information through a dedicated RSS encoder that processes the cropped environmental map around
the user location. Cross-modal fusion combines the flattened channel features with the RSS features
via a cross-attention that learns the correlation between electromagnetic propagation characteristics
and channel structure. The cross-attention mechanism integrates RSS environmental information
with channel features. This process started with projection to a common hidden dimension as

X; = W;F; +b; ; i € {RSS, Channel}, 5)

in which F,; € RBachxDi js the extracted features from RSS and channel, X; € RBachx D= jg the
projected features, W; € RPi*D= ig the projection matrices, and b; € RP= is the bias vector.
Here, D, represents the dimension of the latent space, and D; is the dimension of RSS or channel
features. The cross-attention mechanism employs multi-head attention. The process is formulated

as softmax (Q—\/I;) V where Q = Xchannel, K = Xpgss, and V = Xpgg. Setting Q as channel

features and K, V as RSS features enables the channel estimation to query what environmental
information is most relevant for refinement, where the attention weights determine which RSS
spatial patterns are most informative for each channel element. This cross-modal attention allows
the network to selectively incorporate physics-based environmental knowledge into the channel
estimation process rather than treating them as independent modalities. The fused features are then
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Figure 1: PINN structure for channel estimation.

processed by a transformer module consisting of several self-attention blocks, where the spatial
positions are treated as a sequence. This transformer component enables the network to model long-
range dependencies between different channel taps and capture the physics-informed relationships
between RSS patterns and channel characteristics. The decoder mirrors the encoder structure, utilizing
transposed convolutions to progressively upsample the transformed features back to the original
channel dimensions. Skip connections from corresponding encoder layers preserve fine-grained
details and facilitate gradient flow during training. This architecture effectively combines traditional
U-Net benefits for spatial feature preservation with transformer capabilities for modeling complex
channel-environment relationships in the physics-informed framework. The implementation details
and exact dimensions for each part of the network are outlined in Appendix [F} We also employed
a physically informed loss function to combine the physical information from solving Maxwell
equations using numerical methods with the estimated channel and reconstruction loss.

['tolal = ENMSE + C L"physical 3 (6)



where Lnmsk is the reconstruction loss for the channel estimation defined as
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in which H € CP*NexNegnd H € CP*Nex N gre the 3-dimensional complex tensors for accurate
and estimated channels respectively. Moreover, Lonysical defined as
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and ¢ weights the physical consistency term to prevent physics violations while maintaining recon-
struction accuracy. The hyperparameter is chosen such that both loss terms contribute comparable
gradient magnitudes during early training phases.

Remark. In the pilot-limited regime, the benefit of including the physics-informed term Lppysicar can
be understood through a simple bias—variance argument [|I7)]. Without constraints, a data-driven
estimator must search over a high-dimensional hypothesis space, leading to variance scaling as
Var(fyg] o< de/M, where fg is the neural estimator with parameters 0, dg is the effective model
dimension (less than the model dimension d) and M the number of pilots. By enforcing approximate
physical constraints P(fg(y)) = 0, with y the observations (pilots and RSS), the search space is
restricted to a lower-dimensional manifold, yielding

Var[fp] o deg/M, dey < d, 9)
thus reducing estimation variance with only a minor bias if the physical model is imperfect. From an
optimization viewpoint, the additional quadratic penalty ALppysicar improves the conditioning of the
loss landscape. Writing a gradient step as

9t+1 = et - n(vﬁdam =+ /\VEph}'sical + gt)7 (10)

where &, denotes stochastic noise, the Hessian gains an extra regularizing term, which lowers the
effective condition number and accelerates convergence. Hence, the physics-informed loss improves
both generalization and training stability.

The overall proposed method is summarized in Algorithm|[I]

Algorithm 1 PINN Channel Estimation

1: Input: Training set D = {(y;, H;, RSS;, r;)}M,, physics weight ¢, epochs E.
2: Output: Trained parameters 6*
3: for epoche = 1to E do

4: Compute initial channel estimate H < LS(y, N,)
5: Extract RSS features: Frss + RSSEncodery(RSS)
6: Extract channel features: Fcpanner <~ Encodery(H)
7: Fuse via cross-attention:

8: Q= WChannelFChanthela K = WgssFrss, V = WgssFrss
9: Z < softmax (%) A%

10: Refine with transformer: Z « Transformery(Z)
11: Reconstruct channel: H < Decodery(Z)

12: Compute total loss:

13: Liotal = LNMSE + CLphysical

14: Minimize Ly, with respect to 6

15: end for

16: Return: 0*

4 Results

After defining our network architecture (see Appendix [F), we outline in Table[I|the hyperparameter
settings used during training. These choices were determined empirically to balance convergence
speed and generalization.



Table 1: Training hyperparameters
Batch Size # Epochs Init. LR  Scheduler Decay Step ~ (Decay) Optimizer Momentum ¢
32 500 1x1073 StepLR 40 0.65 Adam 0.9 0.01

We categorize our tests into multiple main sections for presentation purposes. Additional imple-
mentation details can be found in Appendix [F] In all methods, unless otherwise specified, we used
Ny =24 x24, N, = 2 x 2,and D = 16. We also modeled the channel at an upper-mid band
frequency of f. = 15 GHz, which holds significant potential for future wireless systems [18]].

In the first set, we investigated the performance of less complex spatial simple LS channel estimation
using interpolation and discrete Fourier transform (DFT)-based denoising. We consider different

SNR values while setting the number of pilots as N, = 64 (% =0.11).
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Figure 2: NMSE performance of channel estimation using less complex initial estimation

We can see in Figure 2a] applying the physics-informed neural network refinement further lowers
NMSE to roughly (—14.45, —6.38) dB (interpolation) and (—14.23, —9.58) dB (denoising), cor-
responding to maximum gains of up to 16.9 dB and 13.8 dB respectively. The refined methods
maintain robust performance even at SNR = —10 dB and saturate near —14 dB NMSE at high SNRs,
indicating that residual error is dominated by measurement errors that the network cannot correct.
Figurealso indicates the performance change in different pilot densities (o = %) at SNR =0
dB. We can see the robust performance of this method to pilot density. The next set of results uses
orthogonal frequency-division multiplexing (OFDM) for channel estimation. We set the number of
subcarriers N = 1024 and change the subcarrier spacing, and accordingly, the number of pilot signals.
We also set the SNR as 0 dB in this simulation. Table 2] demonstrates that the PINN estimation
shows a great performance in limited pilot scenarios, achieving up to NMSE = -12.89 dB with only
four pilots. In the next set of experiments, we compare the introduced method with state-of-the-art

Table 2: NMSE performance of channel estimation using different numbers of pilots (SNR = 0 dB).
NMSE (dB) vs N,,
Np 512 256 128 64 32 16 8 4 2

Initial LS-OFDM  —-14.40 -11.23 —-8.25 —-549 -3.32 —-1.33 0.28 1.98 3.01
Refined LS-OFDM —-19.21 —-17.40 -16.20 —-16.00 —13.87 —13.85 —12.87 —-12.89 —12.35
Improvement 4.81 6.17 7.95 10.51 10.55 12.52 13.15 14.87 15.36

algorithms in addition to classical orthogonal matching pursuit (OMP) methods [19, 20} 21]. These
greedy compressed sensing algorithms iteratively select angular-domain dictionary atoms to exploit
the sparse structure of massive MIMO channels, with SOMP handling joint multi-vector recovery
and Subspace Pursuit using candidate expansion and pruning for improved performance. To have



a fair comparison, we only investigate the initial estimation for LS-OFDM. We set the number of
pilots to a limited value of IV,, = 4 (to have comparable results for the classical methods, we set
that to IV, = 64), to emphasize the power of the introduced method across different SNRs. We
implemented a convolutional neural network (CNN)-based channel estimation structure inspired
by [Sl](using two hidden layers according to the paper), and a diffusion model-based method from
[8l](using the full resolution method). In this experiment, we focused on the low SNR region, which
is more realistic for the next generation of wireless systems [9]. Figure [3areveals that the introduced
PINN improves the performance by a large margin (around 5 dB improvement at SNR = 0) in
the limited pilot condition. These results highlight the method’s robustness when pilot signals are
scarce and underscore how incorporating physical environment information significantly enhances the
network’s channel estimation capabilities. Figure [3b|presents a comparative analysis across varying
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Figure 3: NMSE comparison across varying SNRs and pilot counts.

pilot values at SNR = 0. The results reveal that CNN and diffusion-based methods excel when pilot
signals are abundant, whereas PINN achieves superior performance under pilot-limited conditions,
often by substantial margins. This dichotomy indicates that PINN’s physics-informed architecture,
while potentially over-parameterized for pilot-rich scenarios, provides essential inductive bias when
pilot overhead is constrained. The physical modeling component effectively compensates for sparse
pilot information, validating the value of incorporating domain knowledge into the estimation frame-
work to provide a more robust estimate with respect to pilot density. Further experimental results
demonstrating the generalization performance of the proposed method across different frequency
bands and environments are provided in Appendix [G|

5 Conclusion

This paper introduced a PINN for accurate wireless channel estimation under pilot-constrained
scenarios. By integrating initial simple least-squares estimates with RSS maps derived from Maxwell-
based ray tracing, the proposed architecture leverages environmental knowledge through a U-Net
backbone enhanced with transformer and cross-attention modules. Our results on realistic 15 GHz
urban ray-traced data show that PINN significantly outperforms conventional and learning-based
baselines, especially in low-pilot and low-SNR regimes, achieving up to 15 dB NMSE gain over
initial LS estimates and over 4 dB gain compared to state-of-the art models. With low inference
latency and strong interpretability, PINN offers a scalable and physically grounded solution for
real-time deployment in next-generation MIMO systems.
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A Related Works

Traditional model-based channel estimation techniques for large-array MIMO systems often rely
on pilots. However, as the number of antennas increases, they require excessive training and incur
high computational complexity, which leads to performance degradation under overhead constraints
or in complex propagation environments [1} 2| |3, |4]. This problem is expected to intensify with
the large-array configurations envisioned for FR3 systems, where wider bandwidths and higher
antenna counts further amplify pilot overhead and computational demands [22]]. Prior work has also
proposed black-box, fully data-driven approaches [5. 16 [7, 8] that often suffer from limited physical
interpretability, demand large-scale data collection, or tend to generalize poorly beyond the specific
site or frequency band where they were trained.

Another line of work combines model-based priors with data-driven learning [9]. However, these
combined approaches often utilize the black-box structure of neural networks along with simplistic
channel models and unrealistic statistical data for training. Consequently, performance often de-
grades under domain (site) shift, and substantial site-specific data are required for training when
the deployment location changes. In addition, the exploitation of diffusion models in the recent
channel estimation literature [9} 8] will also introduce a high overhead in the backward process for
generating the channels, and cannot be used in real-time communication systems. [23]] also assumes
narrowband single-antenna UEs and relies on location-specific denoisers and iterative MAP solvers.
In contrast, we address wide-band multi-tap MIMO with physics-informed RSS maps, enabling
single-shot inference and generalization without channel knowledge map (CKM) databases.

PINN have emerged as a powerful paradigm that integrates domain knowledge from physical laws
into neural network architectures, enabling more interpretable and data-efficient learning [24, [25]]. By
incorporating governing equations, boundary conditions, and conservation laws directly into the loss
function or network structure, PINNs have demonstrated remarkable success across diverse scientific
computing applications, including fluid dynamics, structural mechanics, and electromagnetic wave
propagation [26}27]. Unlike purely data-driven approaches, PINNs leverage prior physical knowledge
to constrain the solution space, resulting in improved generalization with limited training data and
enhanced robustness to out-of-distribution scenarios. In the context of wireless communications,
recent works have begun exploring physics-informed approaches for channel modeling and parameter
estimation [28| 29], with some successfully incorporating detailed electromagnetic field calculations
and environmental propagation characteristics through ray tracing methods and integral equation
formulations. However, these approaches often focus on specific aspects of channel modeling,
such as regional channel impulse response estimation or path loss prediction, while the integration
of physics-informed constraints with pilot-limited channel estimation for massive MIMO systems
remains relatively unexplored, particularly in scenarios requiring both high accuracy and efficiency
under severe pilot constraints.

In this work, we combine traditional wireless channel estimation methods, which are model-based,
with a PINN approach. This hybrid strategy leverages environmental information to reduce overhead
and enhance performance while avoiding the end-to-end black-box structure. Additionally, we
evaluate our approach using ray tracing data, which closely resembles real-world data and effectively
captures most characteristics of the environment [10]. Numerical results show an improvement of
over 5 dB compared to the baselines, while having a practical latency for real-time applications.
We also demonstrated the capability of this method on different frequency bands and environments.
Additionally, for mobile scenarios, we extend the decoder into a parallel multi-step temporal head that
estimates L future channel snapshots from a single input, avoiding autoregressive error accumulation
while preserving physical consistency with the RSS constraints.

B Electromagnetic Propagation

Maxwell’s equations form the theoretical foundation for wireless signal propagation, governing the
behavior of electromagnetic waves as they interact with the environment. To accurately model the
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effects of environmental scatterers, one can adjust the electromagnetic properties of the medium. By
applying Maxwell’s equations under the time-harmonic assumption, we obtain the following form for
describing electromagnetic fields [[11}12],

V x E(r) = jop(r)H(r), (11a)

V x H(r) = —jwe(r)E(r) + J(r), (11b)

- (e(r)E(r)) = p(r), (11c)

V- (u(r)H(r)) =0, (11d)

where e(r), u(r), and p(r) denote the permittivity, permeability, and charge density at position
r € R3, respectively. In these equations, J(r) being the current density, w denotes the angular
frequency, E(r) describes electric field, and H(r) shows the magnetic field strength. In the case of
an inhomogeneous medium, these parameters are spatially varying and thus nonconstant. To facilitate

analytical or numerical solutions, Maxwell’s equations are often simplified. Under appropriate
assumptions, the corresponding wave equation for the electric field can be expressed as,

(V2 + £°(r)) E(r) = q(r), (12)

in which k(r) = wy/€(r)u(r) denotes the position-dependent wavenumber, and ¢(r) = jwu(r)J (r)
represents the source term. To solve the inhomogeneous wave equation, Green’s function

eikolle—r'|

N 13
)= e -

can be used which is the fundamental solution to
(V2—|—k§)g(r,r') =-6(r-r'), (14)

where kg is the wavenumber in the background (homogeneous) medium and §(-) is the Dirac delta
function. Using this Green’s function, the solution for the electric field can be written as

E(r) = —/Vw g(r,r")q(x') dr’ + /Vg(r, r') (k2(r’) - k:g) E(r') dr’, (15)

where V; is the support of the source, and V' is the volume over which the medium inhomogeneity
exists. To solve the wave equation in a specific environment, it is essential to have detailed knowledge
of the material properties of the objects within that environment, such as walls and floors. After
computing the electric field distribution using numerical methods, the total received power at a given
location can be determined from the electric field. Specifically, the received power is proportional
to the squared magnitude of the electric field integrated over the receiving antenna’s effective area.
Mathematically, the total received power at the receiver, accounting for all multipath components
(MPCs), can be expressed as [13]]

)\2
N 8o

Pr(r) ; (16)

> Ei(r)

=1

where P denotes the number of propagation paths, A is the wavelength, 7 is the intrinsic impedance
of free space, and E; represents the complex amplitude of the electric field associated with the i-th

path at the receiver location. Using E(r) = 25:1 E,(r) this relates to the total electric field. This
expression captures the coherent superposition of all path contributions, including their respective
amplitudes and phases.

C Initial Wireless Channel Estimation

The frequency-selective MIMO channel is modeled as a 3-dimensional complex tensor H €
CP>NexNi The received signal can be written as can be expressed as,

D—1
r[n] = Z Hgs[n — d] + v[n]. (17)
d=0

where s[n] € CM is the transmitted pilot vector and ng ~ CN(0, 021) is the additive white Gaussian
noise.
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C.1 LS with Linear Interpolation

The LS with linear interpolation method performs channel estimation in three steps; LS estimation at
pilot positions, magnitude and phase separation, and linear interpolation to all antenna positions.

Uniform pilot spacing is employed with adaptive step size [30],

P={pi:pi=i-4A, i=0,1,...,N,—1}, A, =max(l, | N/N,]) (18)

At the end, linear interpolation is performed separately for magnitude and phase using unwrapped
phase to avoid discontinuities. This method has a simple implementation, low complexity, and works
well for slowly varying channels, while there is no explicit noise reduction.

C.2 LS with DFT Denoising

This method exploits channel sparsity in the angular domain for noise reduction. After obtaining LS
estimates at pilot positions, zero-padding and DFT transformation are applied,

HY) =F"h,, (19)

where F is the normalized DFT matrix and fld’r is the zero-padded pilot estimate vector.

Adaptive thresholding based on noise statistics removes weak frequency components:

. D i g
O {H K] if (] > 7 0
0 otherwise

[o2N,
=3yt @1
t

The denoised channel is reconstructed via inverse DFT,

where the threshold is computed as,

hy, = FHY) (22)

This method effectively reduces noise by removing weak frequency components while preserving the
dominant channel characteristics [31]].

C.3 LS OFDM-Based Estimation

This method operates in the frequency domain using OFDM subcarrier structure. Pilot subcarrier
positions are defined with uniform spacing,

S={s;:s;=i-A,, i=0,1,..,N,—1}. (23)

The time-domain channel is transformed to frequency domain with zero-padding as,

Hfreq[k] = FFT(hd,ra Nsubcarriers)[k] (24)

After LS estimation at pilot subcarriers, we interpolate to data subcarriers using linear interpolation
for magnitude and phase [32],

N Hiiors[7] k€S
Hyeglk] = F - i i 2
el {limerp(s,|Hpuotsl,k)l-em‘em(&““wmﬂ sl k)¢ S =

The time-domain channel is recovered using inverse fast Fourier transform (IFFT), retaining only the
first D delay taps:

ha,, = IFFT(Hieg)[1 : D) (26)

This method yields the best initial results compared to other methods, although its complexity is
higher.
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D Complexity Analysis

In this section, we analyze the computational complexity of our approach. We begin with a theoretical
assessment of the initial estimation algorithms, then evaluate the complexity of the neural network.

We start with the simple LS with linear interpolation. This method begins with pilot extraction,
which requires O(D - N; - N,,) operations to select pilot positions across all delay taps and receive
antennas. The subsequent phase unwrapping operation has complexity O(D - N, - N,,), where phase
discontinuities are resolved for each pilot measurement. Finally, linear interpolation to estimate
the channel at all antenna positions requires O(D - N, - N,) operations. The total computational
complexity is therefore O(D - N; - (N, + N,)), making it the most computationally efficient method
when N, < N,

The LS with DFT denoising will start with the pilot extraction with the same complexity. How-
ever, it then requires zero-padding operations with complexity O(D - N; - N,), followed by DFT
transformations requiring O(D - N, - N,log N,) operations. The adaptive thresholding step adds
O(D - N; - N,) complexity, and the inverse DFT reconstruction requires another O(D - N; - N log V})
operations. The dominant term gives a total complexity of O(D - N; - N,log N,), which is higher
than linear interpolation but provides superior noise reduction capabilities.

This frequency-domain approach begins with transforming the time-domain channel to frequency
domain using fast Fourier transform (FFT) operations, requiring O(D - N; - N;log Nggr) complexity,
where Ngpr is typically chosen as Ngpr > N, for adequate frequency resolution. Pilot subcarrier
extraction across all frequency bins requires O(N; - NV, - Ny) operations, where N is the number of
pilot subcarriers. The interpolation in the frequency domain to estimate the channel at data subcarriers
has complexity O(V;- N;- Nggr). Finally, the inverse FFT to recover the time-domain channel requires
O(D - N; - Ny log Nggr) operations. The total complexity is O(D - N, - Nylog Nggr + N; - Ny - Nggr),
which is the highest among the three methods but provides the best initial estimation performance as
demonstrated in our results.

Table 3: Computational complexity of initial channel estimation methods

Method Complexity
LS + linear interpolation O(D N, (N, + Ny))
LS + DFT denoising O(D N, N; log Nt)

LS-OFDM (Frequency-domain) O (D N, Ny log Nger + Ny Ny Ner)

Table 3] shows that the complexity hierarchy is; LS with linear interpolation < LS with DFT denoising
< LS-OFDM, with the performance improvements justifying the increased computational cost for
applications requiring high estimation accuracy.

Now, we analyze the neural network’s computational requirements and compare it to a diffusion
model inspired by [8]], which we have adapted for our dataset and experimental setup. Table []
highlights the key metrics for both architectures.

Table 4: Complexity, latency, and parameters comparison

FLOPs Latency [ms] Parameters
(N, N,.,D) (576,4,16) (576,4,16) (576,4,16)

PINN 70.85G 11.12 3.5 x 108
DM 130.15G 50.30 5.5 x 10*

As seen in Table[d] our PINN requires significantly fewer FLOPs and achieves much lower inference
latency, because of the complexity of the backward pass of the diffusion model. The diffusion
architecture, however, maintains an extremely low parameter, making it more memory-efficient.
In our design, most parameters reside in large linear and convolutional layers, which can benefit
substantially from optimized implementations. Additionally, the use of efficient skip connections
enhances our model’s performance without increasing its computational cost.
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E Dataset

For more realistic simulations of an urban environment in the upper-mid band, we used Wireless Insite
[14] for generating communication channels. This ray tracing tool takes into account the geographical
and morphological features of the propagation environment. It simulates the behavior of each MPCs
between the transmitter and receiver by following physical principles, including free-space power
loss and the interaction with various objects. This enables us to compute information for each MPCs,
including complex amplitude, directions of departure and arrival, and delay.

In this setup, as we can see in Figure {] the BS is deployed at the top of a tall building for more
coverage and according to tilting. This will also help us to avoid the problems that might be caused
by near-field estimation. We also used the Boston map in this software for simulations. We created
static channels in the environment. The more details are mentioned in Table B

Table 5: Key characteristics of the Boston ray-traced channel dataset.

Parameter Value

Map scale (m?) 350 x 450
Cropped map scale (m?) 10 x 10
Carrier frequency (GHz) 15 and 8
Bandwidth (MHz) 400 and 200
Number of samples 9877

After extracting the paths for each snapshot, the channels are created using (2). We considered a
raised-cosine filter with a rolloff factor of 0.4 as the pulse shaping function. We also used Wireless
Insite for creating the RSS map. Figure ] shows the result of solving the Maxwell equations using
the described method.

Figure 4: RSS map for the Boston environment with P = 50 dBm.

We used the location of the users at each snapshot with a horizontal Gaussian random noise of
N (0, 9I). This assumption is valid based on the average error of the global positioning system (GPS)
[33]]. To provide more experimental results across different scenarios, we also used an urban canyon
environment, as shown in Figure[5] The urban canyon map is usually considered a simpler map with
fewer details compared to the Boston environment. In general, ray tracing tools such as Wireless InSite
provide accurate approximations of real-world propagation, as they explicitly model electromagnetic
interactions with buildings, streets, and other objects. Their ability to capture multipath, diffraction,
and shadowing makes them widely accepted for validating new channel estimation methods. As
shown in prior works [34] [35]], the resulting synthetic channels closely mimic measured data, offering
a reliable and reproducible alternative to costly field trials.
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Figure 5: Urban canyon environment with f. = 15 GHz. The MPCs with gains above —120 dBm
are plotted.

F Implementation Details

Figure [T] highlights the three core components of our network—encoder, latent domain, and de-
coder—and illustrates how data flows through each stage. Although the dimensionality of these
modules is flexible, Table 6] provides the exact layer sizes and overall structure we adopt in this design.

Table 6: Physics-Informed U-Net architecture and parameters. | and 1 represent the downsampling
and upsampling layers, respectively

Encoder Latent Decoder
# Type Output Size | # Type Output Size # Type Output Size
Input Channel 32 x4 x576 |1 RSS Encoder 256 Output Channel 32 x 4 x 576
1(}) ResUNetBlock 64 x 2 x 288 | 2 Cross-Attention 18432 1M ResUNetBlock (128 + 128) x 1 x 144
2(}) ResUNetBlock 128 x 1 x 144 | 3 Transformer 72 x 256 2(1)  ResUNetBlock (64 +64) x 2 x 288
3({) ResUNetBlock 256 x 1 x 72 3(1)  ResUNetBlock 32 x 4 x 576

The ResUNet blocks are a pivotal component within both the encoder and decoder, merging U-
Net’s effective feature-preserving skip connections with ResNet’s residual learning framework
[36, 37]. By combining these two architectures, we achieve superior feature propagation and
gradient stability—qualities that are especially advantageous for channel estimation. Table[7]lays
out the precise implementation details of these blocks in both their downsampling and upsampling
configurations.

Table 7: ResUNetBlock architecture details

Downsampling Block Upsampling Block
# Layer Parameters # Layer Parameters
1 Conv2d 3 x 3, stride=1, pad=1 | 1 ConvTranspose2d 3 X 3, stride=2, pad=1
2 GroupNorm 8 groups 2 GroupNorm 8 groups
3 LeakyReLU a=0.2 3 ReLU -
4 Conv2d 3 x 3, stride=2, pad=1 | 4 Conv2d 3 x 3, stride=1, pad=1
5  GroupNorm 8 groups 5 GroupNorm 8 groups
6 LeakyReLU a=0.2 6 ReLU -

Residual Connection Residual Connection
1 Conv2d 1 x 1, stride=2, pad=0 | 1 ConvTranspose2d 1 x 1, stride=2, pad=0
2 GroupNorm 8 groups 2 GroupNorm 8 groups

To process RSS inputs, we employ a compact CNN-based encoder that efficiently distills spatial RSS
patterns into a fixed-length feature vector for downstream channel estimation. As detailed in Table 8]
the encoder begins with a series of 3 x 3 convolutions and ReLLU activations interleaved with 2 x 2
max-pooling to gradually increase channel depth while reducing spatial dimensions. A final adaptive
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average pooling and flatten operation produces a 256-dimensional embedding that captures the most
salient RSS features.

Table 8: RSS encoder architecture details

Stage Operations Output Size
Input RSS Map input 1 x 30 x 30
Block1  Conv(3 x 3, 32) —+ ReLU — MaxPool(2 x 2) 32 x 15 x 15
Block2  Conv(3 x 3, 64) — ReLU — MaxPool(2 x 2) 64 xX7x7T

Block3 Conv(3 x 3, 128) — ReLU — MaxPool(2 x 2) 128 x 3 x 3
Block 4 Conv(3 x 3,256) — ReLU 256 x 3 x 3
Pooling AdaptiveAvgPool(1 x 1) — Flatten 256

After defining hyperparameters from Table[I} we proceed with training. The dataset is partitioned
into 80% for training, 10% for validation, and 10% for testing. Prior to training, we normalize every
sample by a fixed constant to ensure consistency when minimizing the NMSE reconstruction loss.
An identical normalization—using the same constant—is applied to the RSS-derived power values
so that all inputs and targets share the same scale. Some of the training loss curves are shown in
Figure[6] All experiments were run on an NVIDIA GeForce RTX 4090 GPU.
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Figure 6: Log—scale comparison of training loss for the selected models.

Figure[6|clearly demonstrates the convergence of this method for different initial estimations.

G Additional Experiments

We begin by conducting an ablation study to determine the optimal weighting parameter ¢ in (6).
Figure[7]presents the NMSE performance as a function of ¢ for the Boston dataset using LS-OFDM
initial estimates with IV, = 4 pilots at SNR = 0 dB. The results indicate that { = 0.01 yields
optimal performance, balancing the reconstruction accuracy (NMSE term) with the physics-based
power constraint. This value is adopted for all subsequent experiments.

It is important to note that both the initial channel estimates and RSS maps undergo global normaliza-
tion prior to network input and loss computation by a fixed number (the global maximum value across
all the channels). This normalization ensures numerical stability during training and meaningful
gradient propagation across different physical quantities.

To demonstrate the generalization capability of our physics-informed approach, we conducted transfer
learning experiments from 15 GHz to 8 GHz, using initial LS-OFDM estimation and four pilot signals
at SNR = 0 dB. We also changed the bandwidth for the new frequency band as 200 MHz. The model
was initially trained on the 15 GHz dataset and then fine-tuned on 8 GHz data with varying amounts
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Figure 7: Ablation study of weight for physical component in loss function.

of training samples and different fine-tuning durations. Figure [8a] shows the performance across
different dataset portions. The results show that even with only 10% of the 8 GHz training data,
the fine-tuned model achieves NMSE values of approximately —4.5 dB to —5.0 dB. Performance
improves consistently as more data is used, reaching around —13 dB with the full dataset which
aligns with the experiments for 15 GHz. To further validate the adaptability of our physics-informed
approach, we conducted transfer learning experiments from the Boston environment to an urban
canyon scenario. Figure[8b|shows the NMSE performance as a function of the number of training
samples for both 20 and 100 epoch fine-tuning.

I —— Fine-tuned with 20 epochs | —— Fine-tuned with 20 epochs

—-= Fine-tuned with 100 epochs | Fine-tuned with 100 epochs

NMSE (dB)
NMSE (dB)

1 1 1 1 1 I
0.8 1.0 0 250 500 750 1000 1250 1500 1750 2000

Dataset Portion Number of Samples

0.0 0.2

(a) From 15 GHz to 8 GHz in Boston environment (b) From Boston to urban canyon environment

Figure 8: Transfer learning performance: NMSE vs. dataset for 20 and 100 epoch fine-tuning using
N, =4and SNR = 0.

The results demonstrate rapid adaptation with limited data: using only 100 samples, the model
achieves NMSE values of approximately —4 dB (20 epochs) and —9 dB (100 epochs). Performance
continues to improve substantially with more samples, reaching —22 dB and —25 dB respectively with
2000 samples. This confirms that our PINN framework effectively captures environment-agnostic
electromagnetic principles, enabling efficient adaptation to different urban propagation scenarios
with minimal training. We can also conclude that when the network is trained on a more complex
dataset, like the Boston map, it learns generalizable electromagnetic propagation principles that
enable effective adaptation to different propagation scenarios, such as urban canyons, with minimal
additional training data, achieving a better performance than the original dataset.
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