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Abstract

Accurate path-loss characterization in the upper mid-band is critical for 5G/6G out-
door planning, yet classical deterministic expressions lose fidelity at 18 GHz, and purely
data-driven regressors offer limited physical insight. We present a physics-guided resid-
ual learner that couples a calibrated two-ray model with an XGBoost regressor trained
on the deterministic residuals. To enlarge the feature space without promoting overfit-
ting, synthetic samples obtained by perturbing antenna height and ground permittivity
within realistic bounds are introduced with a weight of w = 0.3. The methodology is vali-
dated with narrowband measurements collected along two straight 25 m corridors. Under
cross-corridor transfer, the hybrid predictor attains 0.59-0.62 dB RMSE and R? > 0.996,
reducing the error of a pure-ML baseline by half and surpassing deterministic formulas
by a factor of four. Small-scale analysis yields decorrelation lengths of 0.23 m and 0.41 m;
a cross-correlation peak of unity at A = 0.10 m confirms the physical coherence of both
corridors. We achieve <1 dB error using a small set of field measurements plus simple
synthetic data. The method keeps a clear mathematical core and can be extended to other
priors, NLOS cases, and semi-open hotspots.

Keywords: upper mid-band; FR3; path-loss modeling; physics-informed machine learning;
two-ray model; residual learning; outdoor corridors; 18 GHz; synthetic data augmentation

MSC: 78M50; 68T05

1. Introduction

A need for new spectral resources has been driven by emerging 6G services, such
as Al-native communications, extended reality, and ultra-reliable machine-type applica-
tions [1]. The upper mid-band between 7 and 24 GHz (FR3) has been identified as a
promising complement to the existing bands [2]. Congestion in sub-6 GHz (FR1) has been
reported, while FR3 offers wider bandwidths but exhibits stronger propagation losses and
reduced coverage [3-6]. Owing to this balance, FR3 has been positioned to enable enhanced
mobile broadband while leveraging the current deployments.

At 18 GHz, limitations in traditional path-loss modeling have been observed [7]. De-
terministic models (e.g., ray tracing) provide detailed site-specific predictions but require
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extensive geometric and material data and substantial computation [8,9]. Empirical for-
mulas are easier to apply but often lack generality across sites or frequencies and require
large measurement campaigns [10-13]. Deterministic models are accurate but costly. Em-
pirical models are simpler but often less accurate or reliable. This trade-off worsens at high
frequencies, where small scene changes can cause large path-loss shifts.

In this work, a physics-guided residual learner based on a calibrated two-ray model
and an XGBoost corrector is proposed for outdoor corridors at 18 GHz. The two-ray
term is calibrated to measured data to capture distance-dependent loss and LOS—ground
interference. Residual errors are then learned by XGBoost to correct systematic deviations.
Light synthetic augmentation is included during training with a down-weight w = 0.3 to
enlarge coverage without overfitting.

Adding synthetic samples exposes XGBoost to more scenarios. This makes it more
robust and helps it to learn a smoother more general function

Lpred<d) = LTwo-Ray(d> + AXGB(d)/

such that known propagation physics are enforced by Ltyo-ray, While site-specific effects
are absorbed by Axgp. Consistency with the physics-enhanced residual learning (PERL)
paradigm has been maintained, as adopted in other domains, including computational
fluid dynamics [14,15], biomedical applications [16,17], and climate modeling [18].

The contributions of this study are as follows. A physics-guided residual predictor
for outdoor FR3 corridors is formulated and evaluated under strict cross-corridor transfer.
A simple calibration and error-surface analysis of the two-ray prior is provided to quantify
sensitivity to antenna height and permittivity. An adaptive hybrid variant is defined
in which lightly weighted synthetic residuals are used to improve robustness without
overfitting. A reproducible pipeline is documented, including fixed feature definitions,
frozen hyperparameters across splits, dataset fields and sample counts, and supporting
small-scale statistics to aid replication.

Validation has been conducted with 18 GHz measurements along two 25 m outdoor
corridors under LOS. The hybrid predictor has been benchmarked against a pure-ML XG-
Boost baseline and deterministic formulas (two-ray, free space, and single-slope). Sub-1 dB
RMSE and R? =~ 1.0 have been achieved under cross-corridor transfer, with residuals
showing low autocorrelation and high spectral entropy. It is therefore indicated that
near-deterministic accuracy can be reached while preserving interpretability for FR3 planning.

The remainder of the article is organized as follows. Section 2 reviews the related work
on learning-based path-loss modeling across sub-7 GHz, FR3, and mmWave. Section 3
describes the measurement campaign, preprocessing, the deterministic two-ray model
and its calibration, the machine-learning pipeline, and the small-scale statistics. Section 4
presents the results and discussion for large-scale modeling, cross-corridor transfer, residual
learning, and the adaptive hybrid with synthetic augmentation. Section 5 concludes and
outlines future directions.

2. Related Work

Considerable activity has been reported on learning-based path-loss modeling for
FR3 and adjacent bands. A surge of ML applications has been motivated by the need
to learn propagation behavior directly from data [19]. Work has been concentrated in
indoor offices [20,21] and corridors [5,22]. Concerns regarding the black-box nature of
purely data-driven models have been expressed, which has motivated physics-informed
approaches [23-25]. A gap has remained for outdoor corridor validation at the upper
mid-band, where dominant mechanisms differ from indoor cases. A consolidated overview
is provided in Table 1 for sub-7 GHz (FR1) and in Table 2 for FR2/FR3.
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ML techniques have been adopted across a wide range of scenarios. Supervised mod-
els have included SVR, random forests, MLPs, LSTMs, and boosted ensembles. In indoor
corridors at 14/18/22 GHz, sub-decibel RMSE has been reported with MLP/LSTM [11],
while empirical single/double-slope formulas have underperformed [22]. In complex
layouts generated via full-wave simulation, CatBoost has outperformed deep MLPs [21]. In
measurement-only environments, SVR and random forests have yielded sub-2 dB within
aircraft cabins [26], and KNN bagging has shown competitiveness in rural macro-cells [27].
These trends are consistent with the summaries in Tables 1 and 2, which group representa-
tive studies by paradigm, data source, band, scenario, and reported RMSE.

Table 1. Summary of supervised learning methods for path-loss prediction in Frequency Range 1
(sub-7 GHz). Each entry lists the architecture, key idea, data source, frequency band, scenario, and

RMSE (dB).
ML Method Architecture/Type Key Feature Reference  Channel Model Fé&;;l:]ency Scenario RMSE [dB]
Convolutional Neural Networks (CNNs)
Convolutional Captures spatial
CNN layers for spatial d p P [28] Ray Tracing 5 Small offices -
. ependencies
modeling
Multi-Layer Perceptron Networks (MLPs)
[29] Ray Tracing 0.9 Urban 44
) [30,31] Ray Tracing 0.9 Urban -
Multi-layer Captures complex [32,33] Ray Tracing 09,35 Urban -
MLP feed-forward MaDDings Only
network pping [34] measurements 7 Urban 45
[35] Only sub-6 Coastal/ Vegetative 1.9/4.3
measurements
Tree-based Ensemble Methods
Gradient
XGBoost boosting with Handles sparse [36] Only 0.449-585  Urban/Suburban 7.44
2. data measurements (UK)
regularization
Random Forest ~ DoOStrap Reduces variance, 1, ¢) Only 24 Aircraft cabin 176
aggregated trees  interpretable measurements
Adaptive
AdaBoost boosting of weak Focuses on hard [26] Only 24 Aircraft cabin 2.12
1 examples measurements
earners
Kernel- and Distance-based Methods
Works with small
SVR Kernel-based data; [26] Only 24 Aircraft cabin 2.20
regression . measurements
margin-based
KNN with Onl
Bagging-KNN bootstrap Robust to noise [27] Y 3.7 Rural Greece 4.3
. measurements
aggregation
Table 2. Summary of supervised learning methods for path-loss prediction in Frequency Ranges 2
and 3 (above 7 GHz). Studies marked with an asterisk (*) also include lower-frequency data.
ML Method Architecture/Type Key Feature Reference  Channel Model FéeI;l:]ency Scenario RMSE [dB]
Convolutional Neural Networks (CNN)
[37]1* Ray Tracing 0.8-60 Urban 22
Single slope
Convolutional . [38] model 28 Suburban 7.2
CNN layers for spatial Captures spatial Onl
. dependencies [39] e 28 Suburban 8.6
modeling measurements
[40] Only mmWave Urban 6

measurements
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Table 2. Cont.
ML Method Architecture/Type Key Feature Reference  Channel Model Fcr;;l];]ency Scenario RMSE [dB]
Multi-Layer Perceptron Networks (MLP) and RNN Variants
Multi-layer Captur olex [41]* - 0.5,28 Railway station 0.8
MLP feed-forward ap u ©s comple [42] * - 0.8-70 Urban/Suburban 8.3
mappings .
network [43] Ray Tracing 30 Urban 5.8
Multi-layer Captures Onl
MLP feed-forward on non-linear PL [11] mea};urements 14, 18,22 Enclosed corridor 0.036
measured data behavior
Recurrent net L " 1 Onl
RNN-LSTM with memory earns lempora [11] ny 14,18, 22 Enclosed corridor 0.042
cells dependencies measurements
8-layer trained on  Indoor path loss CST-EM Indoor office
MLP CST sim. learning (21] simulation 28 (LOS/NLOS) 6.70
Tree-based Ensemble Methods
Gradient- . .
.. Lowest RMSE in CST-EM Indoor office
CatBoost boosted decision study [21] simulation 28 (LOS/NLOS) 4.68

trees

Despite strong accuracy, purely ML models have been characterized as black boxes
with limited physical transparency [23,24]. Generalization can degrade when deployment
conditions depart from training data [19], and large datasets are often required at FR3,
which raises cost. These factors have motivated hybrid modeling, where physics-based pri-
ors are combined with data-driven residuals [25]. The present study follows this direction
for outdoor corridors at 18 GHz.

3. Materials and Methods
3.1. Measurement Campaign and Raw Data Acquisition

To create the dataset for propagation analysis and subsequent ML model training, a
comprehensive measurement campaign was executed. The characterization was performed
at a frequency of f = 18 GHz, utilizing a continuous-wave (CW) signal transmitted at a
nominal power of Ptx = 0 dBm. The equipment setup included a dedicated transmitter (Tx)
and receiver (Rx) chain using the compact signal generator JOIGSAG1311 and the spectrum
analyzer JOSSAP53, both manufactured by SAF Tehnika (Riga, Latvia). Both terminals
were equipped with conical horn antennas (model J0AA1724HGO1), each providing a gain
of Gix = 21.1 dBi and G,y = 21.1 dBi, with a half-power beamwidth (HPBW) of ~13.5°
in E-plane and ~16.5° in H-plane. To ensure measurement integrity and verify antenna
performance, the entire system was verified in an anechoic chamber prior to field deployment,
as seen in Figure 1. The total measured losses attributed to cables and connectors in the system
were Ly = 3.4 dB.

The experiments were conducted in an outdoor courtyard at the Universidad Técnica
Federico Santa Maria campus in Valparaiso, Chile. This environment is a representative
scenario featuring open areas bordered by building facades of concrete and glass, thus
introducing a rich multipath environment with specular components. Two distinct pedes-
trian corridors within this courtyard, labeled as C1 and C2, as seen in Figure 2, were selected
as measurement routes to capture channel variations under LOS conditions. A dynamic sam-
pling methodology was employed to capture the spatial variability of the channel. The Tx was
mounted on a mobile platform and moved at a slow constant velocity along a linear trajectory,
while the Rx remained stationary at one end of the corridor. Throughout all measurements,
both Tx and Rx antennas were maintained at a fixed height of ;y = 1.2mand /i,y =12 m
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above the ground to ensure consistent ground-reflection geometry. This procedure was
repeated for both corridors, covering a total distance range, d, from 3.15 m to 25 m.

Tx Antenna

Tx System :
H .

Figure 2. Measurement scenario and equipment.

At the receiving end, a high-sensitivity spectrum analyzer, configured with an internal
attenuation of 16 dB to optimize its dynamic range, was used to continuously log the incom-
ing signal power. This continuous data acquisition method provides high-density spatial
sampling, which is crucial for accurately characterizing large-scale path loss trends. The
campaign yielded a comprehensive dataset of approximately 500 received power samples,
providing a statistical foundation for the analysis presented in the subsequent sections.

3.2. Dataset Summary and Splits

Two outdoor-corridor datasets were used (C1: N = 186, C2: N = 334), totaling
N = 520 large-scale samples after the 30A Lee filter. For each sample, the fields distance,
PL_mean, Prx_mean, Pr_Raw_dBm, and PL_Raw_dB were recorded.

Headline results were obtained under strict cross-corridor transfer. Models were
trained on all samples from C1 and tested on all samples from C2, and vice versa, with
no intermixing between train and test sets. A random 80/20 split on the combined set
(N = 520; random_state = 42) was employed only as a diagnostic baseline and was not
used for the reported cross-corridor metrics.
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For pure ML baselines, the target was PLmean and the features were {log;,d, corridor_id}.
For residual /hybrid models, the target was &(d) = PLmean — PL2.ray(d) and the features
were {log;,d, PLz_ray(d), hi(=hy), €, corridor_id}.

3.3. Preprocessing

Accurate characterization of the channel requires isolating the large-scale path-loss
trend from the rapid fluctuations caused by small-scale multipath fading. The raw power
trace Praw (d) acquired while the receiver traverses the corridor is therefore subjected to a
two-step preprocessing pipeline.

(i) Large-scale averaging.

A sliding-window average of the received power is computed to filter the small-scale
fading, following Lee’s classical procedure [44]. A window length of 30A was chosen, a
value that falls well within the 10A to 40A range recommended in the literature for ef-
fectively separating short-term and long-term signal variations [45,46]. At the operating
frequency of 18 GHz (A = 16.7 mm, hence 30A ~ 0.51 m), this length provides a robust
trade-off: it is sufficiently large to average over the rapid constructive/destructive interfer-
ence that occurs on centimeter scales (i.e., on the order of A/2), yet it is physically small
enough to avoid over-smoothing the data and masking the genuine gradual distance-
dependent decay of signal power. Throughout, powers are expressed in dBm, antenna gains
in dBi, and losses in dB, and Praw (d) denotes the instantaneous received-power sample prior
to averaging. Therefore, the path loss is computed using the standard link-budget formula:

PL(d) = Pt + Gt + Gr - Ltrx - <Praw(d/)>d/€w(d)/ (1)

Lee filter

where W(d) denotes the spatial window centered at distance d with width 30A and (-) the
arithmetic mean inside that window. Here, P is the transmit power at the source output;
Gt and G; are the transmit and receive antenna gains, respectively; Lty denotes the fixed
RF front-end loss (cables/connectors and any fixed analyzer attenuation, if not corrected
separately in Praw); and Praw (d) is the instantaneous received-power sample before spatial
averaging. These estimates isolate the large-scale path-loss component and serve as the
basis for all subsequent analyses and modeling steps.

(ii) Excess path loss (EPL).

To analyze the residual variability of the channel, the deterministic free-space loss
predicted by

47td
PLgspr(d) = 20 10810<A> (2)

is subtracted from PL(d).
The resulting excess path loss
EPL(d) = PL(d) — PLpgpL(d) 3)
is therefore referenced to an ideal line-of-sight scenario and retains only those deviations
induced by the environment (e.g., floor reflections or wall scattering). This quantity is
subsequently employed for all small-scale statistical analyses (decorrelation length, spectral
entropy, etc.) presented in Section 3.7.

To decouple large-scale attenuation (i.e., path loss and shadowing) from small-scale
fluctuations (multipath fading), we extracted the local mean power from the measurement
data using a 30A sliding window. This process yields an empirical estimate of the combined
path loss and shadowing, which enables a meaningful comparison between our results and
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the generative statistical models defined in the IEEE 802.11n standard [47]. Crucially, this
separation of scales is essential to prevent bias in performance metrics, such as the root
mean squared error (RMSE), and in the residuals learned during the ML stage.

3.4. Deterministic Referenice Model

Two-ray formulation: To capture the dominant large-scale behavior of the outdoor
corridor at 18 GHz, the two-ray ground-reflection model is adopted. The received com-
plex field is represented as the coherent sum of an LOS component and a floor-reflected

component [48], namely
— A2 VG Ry/Gre 89
Prx(d):Ptx - O+Ps !
4 do dl

where dy and d; are the lengths of the direct and reflected paths. A¢ is the phase dif-

(4)

ference between the two paths resulting from the difference in path length given by
Ap = 2 (\/(ht +h)2+d2—/(he — )2 + dz). Gp and G are the products of the an-
tenna gains of the transmitter and receiver for the direct and reflected paths.

The factor ps (roughness attenuation factor) attenuates the specular reflection accord-
ing to the surface roughness oy,

Ps = exp[—Snzaﬁ coszf)g//\z} , )

nominal electromagnetic parameters for concrete are adopted from the literature: relative
permittivity e, = 7, conductivity o = 0.055/m, and roughness 03, = 8.5 mm. Substituting
Etot(d) into Friis” equation yields the closed-form path-loss prediction PLy ay(d) used
throughout this study [49-51].
R is the ground reflection coefficient, which was modeled for vertical polarization
sinf — Z € — Ccos2 0
RZsinH—i—Z' Z= € ’ 6)

The value of R is determined by the dielectric properties of the concrete floor, encap-
sulated in the complex permittivity model [52] €, = € — j60cA using the specific values of
relative permittivity €y and conductivity o for concrete.

Calibration sweep: Although antenna heights were nominally fixed at /i; = h, = 1.20m
during the measurement campaign, small installation tolerances (+0.1 m) and dielectric
uncertainty prompted an in silico calibration. A full-factorial sweep was therefore carried
out over the grid

hy =h, € {0.8,1.0,1.2,14,1.6}m, ¢ € {4.0,45,...,7.0},

and the corresponding PLj .y (d) values were simulated for each pair. The same 30A
averaging window described in Section 3.3 was applied, and the results were interpolated
to match the exact distance samples of corridors C1 and C2. The RMSE with respect to the
measured PL(d) was computed separately for each corridor and summed as

RMSEot(h, £r) = RMSE(¢; + RMSE(,

producing an error surface whose minimum was used to identify the optimal parameter pair
(h*,€5). In the present dataset, the minimum was found at h* ~ 1.2m, €} =~ 7, confirming
the correctness of the installation and providing a physically grounded baseline (total
RMSE =~ 1.9 dB) against which all machine-learning models were subsequently compared.
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3.5. Machine-Learning Pipeline

The pipeline (Figure 3) follows a physics-informed data-driven workflow. Raw logs
for C1 and C2 are first converted from timestamps to distance and averaged with a 30A Lee
filter to obtain large-scale path loss. A deterministic two-ray model then provides a baseline
PLj.1ay(d) under nominal physical settings, which is used both as a prior and as an input
feature together with log,,d and a corridor identifier. Global Bayesian hyperparameter
optimization with Optuna selects the best configurations for XGBoost, random forest, and
MLP using a cross-validated objective that trades off validation RMSE against training
time. Model fitting proceeds through three schemes aligned with the experiments: (a) cross-
corridor transfer to test spatial generalization, (b) residual learning that predicts ¢ =
PLmeas — PLy-ray and reconstructs PL by superposition, and (c) an adaptive hybrid variant
that augments training with lightly weighted synthetic residuals generated from the two-
ray model under moderate perturbations of antenna height and floor permittivity. At
inference, the final predictor returns PL(d) = PLy ray(d) +2(d).

Inputs
- Raw logs C1, C2
- System constants {Pt, Gt, Gr, ht, er, lambda, ...}

Preprocess Measurements
- timestamps -> distance d
-Lee filter 30*lambda -> PL_mean

Physics baseline
- Two-Ray -> PL_2ray
- nominal ht=hr=1.2 m , er=5

Feature set
- x = {logl0 d, PL_2ray, corridor_id}

Bayesian HPO with Optuna
- regressors: XGB, RF, MLP
- objective: minimize RMSE_CV
- freeze best settings Theta*

Train and validate (three schemes)
- cross-corridor
- residual learning (epsilon = PL_mean minus PL._2ray)
- adaptive hybrid with light synthetic augmentation

Select models and report
- aggregate RMSE and R2
- outputs: Theta*, trained models, metrics

Hybrid inference
- PL_hat = PL_2ray + ML_residual(log10 d, corridor_id)

Figure 3. High-level physics-informed ML pipeline used in this study. Note that Theta* denotes the
optimal hyperparameter configuration found by Bayesian optimization.
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The data-driven component of this study was structured into three successive configu-
rations, each mapped to a specific experimental scenario (see Table 3). All models were
implemented using the scikit-learn [53] and xgboost [54] libraries.

Table 3. Mapping between experiments and ML training schemes.

Experiment Training Set Prediction Target
a—Cross-corridor Real data only PLeas
b—Residual model Real data only € = PLmeas — PLo-ray
c—Adaptive hybrid Real + synthetic (w = 0.3) ¢ (as above)

Feature engineering.

For each distance sample d, the feature vector was constructed as
x(d) = {logyyd, PLoray(d), ht, €, corridor_id},

where log10 d encodes distance decay, PLz_ray provides a physics-based prior, (ht, &r) repre-
sent antenna height and floor permittivity, and corridor_id € {0,1} enables the model to
capture corridor-specific patterns.

Three types of regressors were considered:

e XGBoost (gradient boosting trees): 200 trees of depth 6 and learning rate 0.10 with
subsampling of 0.9 were used in the cross-corridor case; 50 trees of depth 4 were
applied in the residual-learning configuration; and 150 trees of depth 5 were employed
in the adaptive hybrid configuration.

*  Random forest: 300 trees with unlimited depth and bootstrap sampling.

*  Multi-layer perceptron neural network: two hidden layers (64 and 32 neurons), with
ReLU activation and the Adam optimizer, trained for 1500 epochs.

All hyperparameters were tuned using Bayesian optimization via the Optuna frame-
work [55] with a cross-validated objective by which validation RMSE was minimized under
a runtime penalty. Both RMSE and training time were included in the objective function to
balance accuracy with computational cost. To ensure a fair search, the same data partitions,
preprocessing pipeline, and scoring metric were used across model families. Once selected,
the optimal hyperparameters were held fixed across all experiments to ensure consistency
and comparability. Per-experiment retuning was avoided, and reproducible head-to-head
comparisons were enabled by freezing the settings.

Three distinct training strategies were followed, each aligned with one of the experi-
mental configurations:

(@) Cross-corridor transfer. The complete dataset from corridor C1 was used for training,
the model was validated on corridor C2, and then the roles were reversed. This setup
assessed spatial generalization without overlap between training and test data.

(b)  Residual learning. The target variable was defined as the residual ¢(d) = PLmeas(d)
—PLz_ray(d ). The model was trained to predict the fine-scale deviations from the
deterministic baseline. The final prediction was computed as the sum PLj 1oy + €.

(0) Adaptive hybrid with synthetic augmentation. To enhance robustness against mod-
erate variations in physical parameters, synthetic residuals were generated using
the two-ray model across four parameter combinations: (h,¢,) € {1.0,1.4} x {5,7}.
These synthetic instances were added to the training set and down-weighted
(w = 0.3) to influence, but not dominate, the learning process. Evaluation was
conducted exclusively on real measurement data.
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All models were evaluated using the RMSE in dB and the coefficient of determination
(R?). Algorithm 1 summarizes the complete data-driven workflow as a single reproducible
sequence. It begins with large-scale averaging of the raw measurements and the con-
struction of a physics-based two-ray baseline. A unified feature table is then assembled,
followed by the execution of the three learning schemes: (a) cross-corridor transfer to assess
spatial generalization, (b) residual learning to capture deviations from the deterministic
model, and (c) an adaptive hybrid strategy that combines real and augmented data to
improve robustness. The algorithm also specifies where hyperparameter tuning and post
hoc interpretability analyses are applied. This end-to-end representation complements
Table 3 by illustrating how each experimental setting is embedded within the unified
processing pipeline.

Algorithm 1: End-to-end workflow for the hybrid ML path-loss study.
Input: Raw logs Praw () for corridors C1, C2; system constants { Py, Gy, G, hy, €, A, . .. }.

Output: Best hyperparameters ©, trained models M, ;, -1 « {xGB,REMLP}, and performance
metrics.
// 1. Measurement preprocessing

foreach corridor file do
L convert timestamps — distance d(t);

apply Lee filter (30A) = PLmean(d);

// 2. Physics-based baseline
compute PLz_ray(d) with nominal (bt =h,=12m, ¢, =5);
// 3. Feature engineering
foreach sample d do
| x(d) = {log,d, PLoray(d), hy, &, corridor_id};

// 4. Global Bayesian hyperparameter search (Optuna)
foreach regressor r € {XGB, RF, MLP} do

run Optuna to minimise RMSEcy + atimey,in;
L store best setting ©;;

freeze ©} for all subsequent fits;
// 5. Training strategy (a) Cross-corridor
foreach (train C1 — test C2, train C2 — test C1) do
Y < PLmean;
foreach r do
L train 7(®}) on train corridor; evaluate on test corridor;

// 6. Training strategy (b) Residual learning
compute residuals e(d) = PLmean(d) — PLo.ray(d);
y < e(d);
foreach r do
train on mixed corridors; predict &
L output PL = PLy 1oy + ;

// 7. Training strategy (c) Adaptive hybrid with synthetic augmentation
generate synthetic residuals using (h, ¢,) € {1.0,1.4} x {5,7};
weight synthetic rows by w = 0.3; set iy < ¢;
foreach r do
L train on real 4 synthetic; evaluate on real test data;

// 8. Evaluation and reporting
collect RMSE and R? for every (scheme, r) pair;
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3.6. Complexity of the Hybrid vs. Pure ML and Pure Deterministic Models (5G/6G Scale)

The residual is learned in our approach by a hybrid in which a small XGBoost is
stacked on a calibrated two-ray prior. Concretely, XGBoost with 50 trees of depth 4 is
employed for residual learning and 150 trees of depth 5 are applied in the adaptive hybrid;
when only real measurement data are used, XGBoost with 200 trees of depth 6, learning
rate 0.10, and subsampling 0.9 is trained. Random forest is configured with 300 trees
with unlimited depth and bootstrap, while the MLP is implemented with two hidden
layers (64 and 32), ReLU activation, the Adam optimizer, and 1500 training epochs. These
hyperparameters were selected by Bayesian optimization with Optuna [55], using a cross-
validated objective in which validation RMSE was minimized under a runtime penalty.
Once determined, the optimal hyperparameters were fixed across experiments so that strict
head-to-head comparability was ensured.

Deterministic (two-ray):

Training: none. Inference per query point: closed-form evaluation with a handful
of arithmetic operations — O(1); negligible memory. This serves as the fastest and most
scalable baseline, although it is less accurate in complex scenes.

Pure ML (RF/XGBoost/MLP):

*  XGBoost (data-real only, cross-corridor): training ~ O(Tnddepth); inference ~ O
(Tdepth) node tests per point. With T = 200, depth = 6, this amounts to ~1200 node
tests per query; model size grows with T and depth.

*  Random forest: similar training/inference scaling but typically larger T (here 300) and
unconstrained depth, yielding heavier inference (often 2-3 x the XGBoost above) and
a larger memory footprint.

e MLP (64-32): training ~ O(EnP) and inference ~ O(P) MACs per point (a
few thousand operations), with regularization/early-stopping required to match
ensemble accuracy.

Hybrid (two-ray + residual XGBoost):

Training ~ O(n) to compute the two-ray prior + boosted-trees on the residual e(d) =
PLimeas(d) — PLoray(d) with a compact XGBoost. Inference per point = two-ray O(1) +
a short tree walk with T = 150 and depth = 5, which corresponds to ~750 node tests
per query. In practice, this is ~1.5x lighter than the XGBoost trained only on real data
(200 x 6) and >> lighter than RF, with a correspondingly smaller model (few thousand
nodes). The synthetic augmentation used in this configuration (parameter pairs (hy, ¢,) €
{1.0,1.4} x {5,7}, weighted w = 0.3) adds negligible inference cost and only modest
training overhead.

For large-scale evaluation grids, the deterministic two-ray model establishes the
reference limit in terms of computational efficiency. The hybrid approach remains close to
this limit since only a lightweight tree ensemble is added on top of the two-ray prediction
while still reaching data-driven accuracy. In contrast, pure ML ensembles increase per-point
latency and memory requirements.

3.7. Small-Scale Channel Statistics

To characterize the fine-grained variability left after large-scale filtering, three comple-
mentary analyses were performed, each tied to its corresponding experiment.

e Autocorrelation of EPL.
The empirical spatial autocorrelation function p(A) = corr(EPL(x), EPL(x + A)) was
evaluated for lags A < 5m (~3001). An exponential model p(A) = exp(—A/L)
was fitted via non-linear least squares, yielding the decorrelation length L for each
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corridor (Section 4.3.1). This metric determines the minimum spacing required for
statistically independent samples.

*  Spectral entropy.
Using sliding windows of 25 cm with 50% overlap (N samples per window), the one-
sided FFT power spectrum { Py } ,I(\] :/ 12 of the EPL was obtained. Local unpredictability

was quantified as Shannon entropy
H = —) PlogPh,
k

with spectrum normalized so that }; P, = 1. The resulting entropy curve H(x)
highlights sections of the corridor with highly irregular fading versus smoother regions
(Section 4.3.2).
*  Cross-correlation between corridors.

After interpolating both EPL series onto a common 5 cm grid, the normalized cross-
correlation px (A) was calculated via FFT convolution. The peak value pmax and its
lag Amax reveal the global similarity and any horizontal shift between the two “fading
fingerprints” (Section 4.3.3).

4. Results and Discussion
4.1. Large-Scale Path-Loss Modeling

This section establishes the foundation for all the subsequent analyses by quantifying
the large-scale path-loss behavior. A systematic calibration of the classical two-ray model
was carried out in which antenna height and floor permittivity were treated as free param-
eters. The resulting fit and associated error surface define a physics-based reference that
data-driven and hybrid approaches are later expected to outperform.

Two-Ray Calibration

In Figure 4, the total calibration error RMSE¢; + RMSE(; is shown as obtained from
the full-factorial sweep of the two key physical parameters in the classical two-ray model:
the effective antenna height (h; = h, € [0.8,1.6] m) and the real part of the concrete
permittivity (¢, € [4,7]). The surface reveals a narrow well-defined valley whose floor
extends approximately along h; = h, ~ 1.2 m for ¢, 2 6.5. An increase in error is observed
when deviating from this ridge in either direction, confirming the strong sensitivity of
the two-ray interference pattern to the electrical characteristics of the floor. The global
minimum (marked in black) is found at #* = 1.20 m and ¢; = 7, with a combined RMSE of
1.90 dB.

The corridor-specific results reported in Table 4 indicate that the deterministic fit was
slightly better in corridor C2 (0.88 dB) than in corridor C1 (1.02 dB). This difference is
attributed to a minor variation in the local floor surface, resulting in a smoother concrete
finish that improved the strength of the specular reflection, as seen in Figure 2. Despite
this detail, the optimal antenna height obtained in both corridors matches the nominal
installation (h; = hr = 1.20 m), thus validating the experimental setup.

Figure 5 presents a comparison between the measured large-scale path loss, the cali-
brated two-ray prediction, and the ideal free-space loss (FSPL). Over the full 25 m range, the
two-ray prediction remains within the shaded +1 dB corridor relative to the measured data,
although clear oscillations persist. These residual ripples correspond to the constructive
and destructive interference minima predicted by the analytical model; however, their
amplitudes and positions show slight discrepancies due to floor roughness and secondary
wall reflections—factors that are not captured by the simplified two-path formulation.
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Figure 4. Total calibration error RMSE; + RMSE(; as a function of co-located antenna height

hy = hy and floor permittivity e,. The global minimum (black dot) occurs at i* = 1.20 m, €7 = 7, with
RMSE;ot = 1.90 dB.

90 4 ® C1 measured = = FSPL
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Figure 5. Measured large-scale path loss (points), calibrated two-ray prediction (solid green), and
free-space loss (dashed). The shaded band denotes a +1 dB corridor around the two-ray curve,
illustrating that most measured samples remain within this margin except for residual oscillations
due to floor roughness and higher-order reflections.
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Table 4. Optimal physical parameters and deterministic fit quality (after 30A averaging).

Corridor h* [m] RMSE [dB]
C1 1.20 1.02
C2 1.20 0.88
Total - 1.90

The calibration exercise serves two purposes. First, it provides a physically inter-
pretable baseline whose error (1.90 dB total) is already lower than that reported for many
empirical one-slope models at similar frequencies (~3—4 dB). The error surface shows the
closed-form model is fragile: shifting antennas by +0.2 m or mis-setting &, by 10% can
raise RMSE by >0.5 dB. That can negate the benefit of the physics-based model. These
findings motivate the hybrid strategy adopted in the remainder of the paper. By keep-
ing the analytically calibrated two-ray term fixed as a strong prior and allowing the ML
residual to compensate for the systematic discrepancies, the interpretability and parameter
efficiency of the deterministic model are expected to be preserved. At the same time,
the fine-scale deviations introduced by multipath clutter and material uncertainty can be
absorbed. This strategy ultimately aims to reduce the RMSE below the 1 dB threshold
reported in Section 4.2.

4.2. Machine-Learning Performance

In this section, the predictive performance and generalization capability of several
ML models are evaluated in the context of outdoor FR3 upper mid-band path-loss esti-
mation. A purely data-driven scenario is first considered, in which models are trained on
one corridor and tested on another to assess their ability to handle domain shift. Next, a
residual-learning scheme is introduced, where physics-based priors are incorporated to
enhance robustness and interpretability. Finally, an adaptive hybrid model is presented
in which real measurements are complemented with synthetic data to improve general-
ization across moderate variations in geometry and material properties. Through these
experiments, the impact of physics-informed learning and data augmentation is quantified
in the development of reliable low-error outdoor propagation models.

4.2.1. Cross-Corridor Transfer

The aim of this experiment is to quantify how well a purely data-driven regressor
copes with a domain-shift scenario in which the model is trained on all samples from one
corridor and then evaluated on the other. Only two explanatory variables are provided—logyg
-distance and a binary corridor-id flag—so that any transfer ability must arise from the
model’s intrinsic bias rather than explicit knowledge of the test environment. This set-up
emulates the practical case where a path-loss predictor calibrated in one hallway is re-used
in a similar but previously unseen outdoor layout.

The tree ensembles generalize almost symmetrically. XGBoost attains an RMSE of
0.97 dB when transferred from C1 — C2 and 1.11 dB in the reverse direction, whereas
random forest is marginally better at 0.93 dB and 1.03 dB, respectively. In both directions,
the coefficient of determination remains above 0.95 and the scatter points cluster tightly
around the 45° line (Figure 6). The MLP now performs on par with the ensembles, yielding
0.98 dB RMSE in both splits and maintaining R? > 0.96; see Figure 7.
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Figure 6. Cross-corridor scatter plots of predicted versus measured path loss. Each panel corresponds
to a specific model (XGB, RF, or MLP) and training-testing direction (C1 — C2 in the first row;
C2 — Clin the second). The dashed diagonal marks the ideal y = x line.
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Figure 7. RMSE for the three learning models in the cross-corridor experiment. Each cluster corre-
sponds to a training—testing direction (C1 — C2 and C2 — C1). Random forest attains the lowest
RMSE; XGBoost is a close second, while the MLP now matches the ensembles in both directions.

The feature-importance scores in Figure 8 confirm that both trees rely almost exclu-
sively on distance, effectively learning a corridor-agnostic propagation law. Two immediate
conclusions follow. First, shallow ensembles (and, under careful tuning, a modest MLP)
provide a robust bias—variance trade-off for small outdoor path-loss datasets, sustaining
sub-1 dB accuracy under domain shift. Second, the negligible contribution of corridor-id
indicates that, for corridors of identical geometry, distance alone captures the dominant
deterministic trend; adding further categorical flags would inflate complexity without
tangible gains. The residual ~1 dB error band therefore motivates the physics-guided
residual-learning strategy developed in the next section.
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Figure 8. Average feature importance (over both cross-corridor splits) for the tree-based models. Both
XGBoost and random forest place virtually all predictive weight on the logarithmic distance term,
assigning the corridor-id flag a mean importance < 0.01.

The learning curves in Figure 9 show that, for XGB, the minimum test MSE occurs
near 150 trees, while, for the MLP, the optimal point lies near 1300 epochs. In both cases,
the training curves (dashed) continue to decrease beyond the optimum, indicating mild
overfitting past this point, whereas the test curves (solid) flatten or begin to rise. These
trends confirm that the selected hyperparameters correspond to near-optimal complexity
under the cross-corridor setting, balancing bias and variance without excessive training.

XGB — MSE vs trees MLP — MSE vs epochs

Split / Dataset Split / Dataset
=== C1-C2 — train 6000 1 —— C1-C2 —test —— C2-C1 — test
—— C1-C2 — test R ~=- C1»C2 —train =-=-- C2-Cl — train
=== C2-C1 — train
—— C2-C1 — test 5000

20

15
4000 1

MSE [dB?]
MSE [dB?]

30001

20001

10004

0 50 100 150 200 250 300 0 300 600 200 1200 1500
Number of trees Epochs

Figure 9. Learning curves for XGB (left) and MLP (right) models, showing mean squared error (MSE)
for training (dashed) and test (solid) sets. Horizontal axes are rescaled to 0-300 trees (XGB) and
0-1500 epochs (MLP). Vertical dotted lines mark the minimum test MSE.

4.2.2. Residual-Learning Cross-Transfer

To visualize how the residual-learning scheme performs under the same cross-corridor
split as in the previous subsection, predictions are juxtaposed for the cases where the model
is (i) trained on Corridor 1 and tested on Corridor 2, and (ii) trained on Corridor 2 and
tested on Corridor 1. Figure 10 presents both scatter plots side by side to enable direct
comparison.

For the C1 — C2 transfer, the hybrid model attains 0.59 dB RMSE and an R? of
0.997; in the opposite direction, the error remains essentially identical (0.62 dB, R? = 0.996).
These values represent almost a 40% reduction with respect to the best pure-ML ensemble
and a three-fold improvement over the calibrated two-ray baseline. Because the residual
learner is trained on the difference PLeas — PLyyay, it only needs to model the fine-
scale discrepancies that the deterministic term cannot capture—chiefly the frequency of
constructive/destructive fringes and second-order wall reflections. As these effects are
weakly dependent on which corridor is used, the residual function generalizes almost
perfectly across the two layouts.
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Figure 10. Hybrid residual-learning performance under cross-corridor transfer. In both directions,
the predictions lie close to the y = x bisector, removing nearly all systematic bias. (a) Model trained
on Corridor 1, tested on Corridor 2. (b) Model trained on Corridor 2, tested on Corridor 1.

The experiment confirms two advantages of the physics-guided residual approach.
First, it inherits the inherent interpretability of the two-ray term: large-scale attenuation
and the LOS—floor interaction remain explicit. Second, by constraining the data-driven
component to small corrections, the method achieves higher data-efficiency and robustness
than a free-standing regressor—evidenced by the near-identical RMSE in both transfer
directions. The residual hybrid thus provides a reliable sub-dB predictor that is portable
across corridors without retraining, a desirable property for rapid outdoor network design.

4.2.3. Adaptive Hybrid with Synthetic Augmentation

This experiment evaluates a physics-guided residual learner whose input features
combine (i) the calibrated two-ray prediction PL 1y and (ii) a small set of explanatory
variables (log,,d, antenna height h; = h;, concrete permittivity ¢,, and a corridor flag).
The model is trained to predict the residual e(d) = PLmeas(d) — PLaray(d). To improve
robustness, the real measurements are complemented with ~4x as many synthetic samples
generated by perturbing /; and e, within realistic bounds (£20 cm, 5-7). Synthetic rows
receive a weight of 0.3 so that they inform but do not dominate the fit.

When trained on Corridor 1 and tested on Corridor 2, the hybrid model achieves
0.59 dB RMSE (R? = 0.997); the reverse split yields 0.62 dB RMSE (R? = 0.996). Five-fold
cross-validation on the combined real dataset confirms the stability of the approach, with
an average error of 0.49 & 0.11 dB. Figure 11 shows that the predicted points lie almost
perfectly on the y = x bisector in both transfer directions.

Two observations stand out. First, augmenting the training set with lightly weighted
synthetic variations eliminates the small performance gap that remained after pure residual
learning: accuracy is now consistently sub-0.6 dB—roughly a 40% improvement over
the best corridor-transfer ensemble and a three-fold gain relative to the calibrated two-
ray. Second, the near-identical error in both directions shows that the residual function
generalizes across modest changes in height and permittivity, indicating that the model has
captured the underlying physics rather than memorizing corridor-specific artifacts. These
results underscore the practical benefit of the hybrid strategy: it retains interpretability,
requires only a few dozen real measurements, and delivers record-level accuracy that is
portable across similar outdoor environments without retraining.
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Figure 11. Hybrid two-ray + XGBoost performance under cross-corridor transfer. In both directions,
the residual learner removes nearly all bias left by the deterministic baseline, keeping the scatter
within a +1 dB corridor around the ideal y = x line. (a) Model trained on Corridor 1, tested on
Corridor 2. (b) Model trained on Corridor 2, tested on Corridor 1.

To complement these accuracy metrics, we also quantify prediction uncertainty. The
idea is simple: residuals are gathered from the held-out set, their spread is summarized
by the RMSE, and a two-sided 95% prediction interval is obtained as § £ 1.96RMSE. This
approach assumes residuals are approximately Gaussian and unbiased, which is consistent
with the empirical distributions observed. Figure 12 presents the residual and absolute-
error boxplots for the two transfer directions. For C1 — C2, the RMSE of 0.59 dB implies a
confidence band of £1.16 dB, while, for C2 — C1, the 0.62 dB RMSE translates to +£1.22 dB.
In both cases, the interquartile ranges remain narrow (0.43 and 0.41 dB), and whiskers
seldom exceed £1 dB. These results show that the hybrid model not only achieves sub-dB
accuracy on average but also maintains tight error bounds, providing practical confidence
margins for real-world deployment.

4.3. Small-Scale Channel Statistics

In this section, small-scale fading characteristics of the FR3 upper mid-band outdoor
channel are examined through spatial correlation analysis. The decorrelation length is first
estimated by fitting an exponential model to the empirical autocorrelation of the excess path
loss, providing insight into the coherence distance relevant for measurement design and
stochastic simulation. Subsequently, the spatial cross-correlation between the two corridor
environments is analyzed to quantify the structural similarity of their fading profiles. These
analyses are intended to support the interpretation of residual model behavior and to guide
the construction of statistically independent training datasets.

4.3.1. Spatial Autocorrelation of Excess Path Loss

While the large-scale trend is captured by the two-ray baseline, a reliable estimate
of the coherence distance—defined as the spacing at which local fading samples become
statistically independent—is also required for link-budget design. For this purpose, the
empirical spatial autocorrelation function (ACF) of the excess-path-loss series (EPL(d) =
PL(d) — PLgspr(d)) is computed, and the classical exponential model p(A) = exp(—A/L;)
is fitted, where L. denotes the decorrelation length.
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Figure 12. Residual and absolute-error boxplots for cross-corridor transfer. Approximate 95%
prediction bounds are computed as § &= 1.96RMSE, while the empirical spread is summarized with the
interquartile range (box) and whiskers. (a) Adaptive Hybrid C1 — C2. RMSE = 0.59 dB (R? = 0.997).
95% prediction interval (Normal approx.): £1.96 x 0.59 = +1.16 dB around . Residual IQR
[—0.27,0.16] dB (IQR = 0.43); whiskers [—0.91,0.80] dB. (b) Adaptive Hybrid C2 — C1. RMSE =
0.62 dB (R? = 0.996). 95% prediction interval (Normal approx.): +-1.96 x 0.62 = 4-1.22 dB around .
Residual IQR [—0.20,0.21] dB (IQR = 0.41); whiskers [—0.82,0.83] dB.

Figure 13 superimposes the measured ACFs for corridors C1 and C2 together with their
exponential fits. The estimated decorrelation lengths are LS! & 0.23 m and L$? ~ 0.41 m.
Both curves cross the 1/¢ reference line within 0.5 m, indicating that samples separated by
more than three to four wavelengths at 18 GHz can be considered quasi-independent.
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Figure 13. Empirical spatial autocorrelation of the excess path loss (symbols); black dashed curves
show the exponential fits for each corridor. The gray dotted horizontal line marks the 1/e reference;
the intersections with the fits yield decorrelation lengths of LE! &~ 0.23m and LE? =~ 0.41 m.

Corridor C1 decorrelates almost twice as fast as C2, a difference that aligns with its
coarser wall finish and larger number of open doorways, both of which increase multipath
richness at centimeter scales. In contrast, C2’s smoother concrete surfaces produce a more
persistent dominant specular component, extending L. to roughly 0.4 m. Practically, these
values set the minimum antenna-movement step for independent field measurements and
can be used to parameterize stochastic channel simulators. The short coherence distance
also helps to explain why the residual learner in this experiment benefited from dense
synthetic sampling: even modest spatial perturbations provided new weakly correlated
information to the model.

4.3.2. Local Spectral Entropy of Excess Path Loss

While autocorrelation quantifies coherence distance, spectral entropy provides a com-
plementary view of how rich or structured the local multipath spectrum is along the corri-
dor. A low-entropy window indicates a narrowband quasi-periodic interference pattern
dominated by a few spatial frequencies, whereas high entropy signals a broadband noise-
like residual with no obvious dominant tones. We compute the Shannon entropy of the
one-sided FFT magnitude in 25-centimeter sliding windows with 50% overlap—sufficient
to encompass several wavelengths at 18 GHz while retaining fine spatial resolution.

Figure 14 contrasts the spectral entropy before (raw EPL) and after (hybrid residual)
the hybrid correction for each corridor (top: C1; bottom: C2). Across both layouts the two
curves largely overlap—indicating that most EPL energy is already spread over a wide
band—yet the hybrid trace slightly raises the lowest entropy valleys, which is consistent
with a modest whitening associated with removing residual quasi-periodic structure from
the two-ray fit. These observations agree with the strong similarity revealed by the cross-
correlation analysis (Figure 15) and with the short decorrelation lengths in Figure 13. Taken
together, once deterministic bias is removed, the residual channel is effectively broadband
and statistically homogeneous, which is favorable for robust machine-learning prediction
and for stochastic channel simulators.
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Figure 14. Local spectral entropy before (raw EPL) and after hybrid correction (hybrid residual)
in 25 cm windows (50% overlap). Top: C1; bottom: C2. A slight lifting of the lowest entropy
valleys after the hybrid step indicates modest whitening, while sustained plateaus denote broadband
multipath regions.
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Figure 15. Spatial cross-correlation between the excess-path-loss sequences of corridors C1 and C2.
The peak pmax = 1.00 occurs at a shift of Amax = 0.10 m.

4.3.3. Cross-Correlation Between Corridors

After characterizing the autocorrelation within each corridor, we examine how similar
the two fading fingerprints are to one another. The excess-path-loss traces of C1 and C2
were first resampled on a common 5 cm grid and then cross-correlated in the spatial domain.
Shifting one trace against the other reveals whether major fading features coincide and
quantifies any horizontal displacement.

The normalized cross-correlation curve p (A) is shown in Figure 15. A single sharp
peak reaches the maximum possible value pmax = 1.00 at a shift of Amax = +0.10 m. No
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secondary lobes exceed 0.25, indicating that the two profiles align almost perfectly once the
10 cm offset is applied.

A unit-height peak implies that the large-scale fading structures—including the peri-
odic minima introduced by two-ray interference—are effectively identical in both corridors.
The small 10 cm lag can be traced to the manual alignment of the measurement starting
points and falls below the decorrelation lengths previously estimated. From a modeling per-
spective, this result justifies pooling the two datasets when training the residual learner: once
the traces are aligned, they provide redundant information rather than conflicting patterns.

5. Conclusions

This study shows that a physics-enhanced residual-learning scheme can push outdoor
18 GHz path-loss prediction below the one-decibel barrier without sacrificing interpretabil-
ity or requiring labor-intensive ray tracing. By fusing a calibrated two-ray baseline with a
light XGBoost residual learner and augmenting the training set with low-weight synthetic
variations, the hybrid model (i) inherits the deterministic term’s physical transparency,
(ii) captures corridor-specific fine-scale effects, and (iii) delivers cross-corridor generaliza-
tion that pure ML or pure physics cannot match. Consistent sub-0.6 dB RMSE, unit-height
cross-correlation peaks, and decorrelation lengths on the order of a few wavelengths collec-
tively indicate that the residual learner has absorbed virtually all the systematic variability
while leaving only white-noise residuals.

A practical implication is that network planners can achieve near-deterministic ac-
curacy with a few tens of measurement points rather than hundreds, cutting survey
time and enabling rapid what-if analyses (e.g., antenna-height changes) via the synthetic-
augmentation trick. The approach also offers a clear upgrade path for legacy empirical
models: the two-ray prior can be replaced with any site-specific deterministic engine, and
the residual learner will adapt accordingly.

Regarding the applicability of the model to other FR3 environments, its performance
depends on the dominant propagation physics. In open squares, the two-ray prior remains
relevant, but the residual learner must handle increased scattering. For more complex
scenarios such as urban canyons, the two-ray prior could be insufficient and should be
replaced by a more suitable one, such as a simplified ray-tracing engine, while preserving
the hybrid framework. Similarly, semi-indoor NLOS conditions would require physical
priors that account for diffraction and penetration.

The current campaign was confined to straight LOS corridors with identical cross-
sections, so the model’s robustness against sharp bends, NLOS segments, or composite
materials remains untested. Likewise, the two-ray assumption may break down in large
atria or industrial halls where ceiling reflections dominate. Our next step is therefore
two-fold:

¢ Diverse outdoor geometries. We will repeat the measurement-and-training pipeline in
L-shaped corridors, open-plan offices, and multi-story atria to quantify how residual
complexity grows with geometric diversity and to verify whether a single residual
learner can be shared across multiple deterministic priors.

¢  Semi-open and outdoor transitions. Preliminary simulations suggest that the same
residual framework, coupled with a single-slope free-space prior, could handle short-
range outdoor hotspots (e.g., stadium concourses and campus walkways) where
ground reflections dominate but clutter is sparse. We plan to collect 18 GHz data in
an open field with sparse obstacles and test whether a hybrid model can maintain
sub-2 dB RMSE while requiring far fewer rays than full-blown outdoor ray tracing.
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Abbreviations

The following acronyms are used in this manuscript:

FR3 Frequency Range 3 (upper mid-band, ~7-24 GHz)
LOS Line-of-Sight

NLOS Non-Line-of-Sight

PL Path Loss

FSPL Free-Space Path Loss

EPL Excess Path Loss

RMSE Root Mean Squared Error

R? Coefficient of Determination

ML Machine Learning

XGB Extreme Gradient Boosting (XGBoost)
RFE Random Forest

MLP Multi-Layer Perceptron

HPO Hyperparameter Optimization

Ccv Cross-Validation

CW Continuous Wave

HPBW Half-Power Beamwidth

Tx Transmitter

Rx Receiver

FFT Fast Fourier Transform

ACF Autocorrelation Function

dB Decibel (power ratio)

dBi Antenna gain referenced to isotropic
dBm Power referenced to 1 mW

PERL Physics-Enhanced Residual Learning
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