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Bridging Data Gaps: Enhancing Wireless Localization with
Physics-Informed Data Augmentation

ANONYMOUS AUTHORC(S)

Machine learning (ML) models have emerged as the state-of-the-art approach for wireless applications such
as transmitter localization. One of the challenges for ML models, however, is their reliance on the abundance
of high quality data. Specifically for localization, a significant challenge is to obtain training data that “covers”
the entire landscape, in order to ensure a high accuracy for the ML approaches. This issue is compounded
when trying to localize multiple transmitters. To address this problem, we introduce a new data augmentation
pipeline, termed Physics-informed Augmentation and RF Modeling (PhARMNet), that can combine existing
data with a physics-based simulation model, producing a larger dataset with an improved coverage of the
landscape of interest. Our results show that PhARMNet offers significant advantages over traditional path loss
models. For localization, we demonstrate that augmenting training data with PhARMNet-produced samples
improves localization accuracy, particularly in out-of-distribution regions and multi-transmitter settings.
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1 Introduction

Machine learning (ML) methods have been widely adopted for networking applications such
as transmitter localization, where models learn to perform localization in a data-driven manner
[12, 21, 22]. In contrast to physics based triangulation methods, data driven methods do not require
detailed descriptions of the physical characteristics of the landscape, antennas, etc. Thus, the same
model architecture can be trained and used in multiple environments, and potentially be extended
to more challenging settings such as multi-transmitter localization.

However, ML methods often come with a significant drawback: models require a large amount
of high quality training data in order to generalize (i.e., perform well on unseen inputs). Obtaining
large amounts of training data can be expensive, and the data obtained may not be “exhaustive”.
Data-driven models are also known to struggle when exposed to inputs that differ from the training
data, known as out-of-distribution (OOD) samples [2, 9, 11]. Such distribution shifts are common in
real-world networking (e.g., due to environmental changes, transmitter/receiver hardware updates,
etc.). This creates a critical gap between available training data and the complexity of the real-world
scenarios, making it challenging to deploy ML models reliably in localization and also in other
networking applications [17].

Data augmentation is a common strategy to address data scarcity in machine learning [3, 6].
In computer vision applications, augmentation relies on techniques such as dropout, blurring,
or rotations. However, in our context, a key cause of data gaps is the absence of training data
from certain regions of interest, where conventional augmentation methods are insufficient as
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they only perturb or interpolate between existing samples. To address this, we propose a Physics-
informed Augmentation and RF Modeling Network (PhARMNet). PhARMNet integrates insights
from training samples with physics-based features to create a neural network model for data
augmentation for wireless applications. As illustrated in Fig. 1, PhARMNet uses environment maps
and the TIREM propagation model [4, 15, 18] to generate new data. This data is then used to train
an improved localization model. Our results are outlined below, in Section 1.1.

Beyond localization, we expect data-driven propagation modeling and received signal strength
(RSS) prediction to be essential for other wireless networking applications, including interference
estimation, spectrum management, and dynamic spectrum allocation [13]. In these applications,
reliable RSS prediction supports tasks such as link budget estimation, interference mapping, and
real-time decisions for channel access and power control in dynamic and mobile networks [15, 20].
RSS prediction is a key component in emerging technologies like Digital Spectrum Twins (DSTs),
which use accurate propagation modeling to optimize spectrum utilization in shared environments
such as the Citizens Broadband Radio Service (CBRS) band [15]. Exploring these downstream
applications is an interesting avenue for future research.

1.1 Our results

We present a systematic study of augmenta-
tion methods for wireless measurement data,

using transmitter localization as the main ap-
plication. There are two natural approaches for ~ ©riginal Data
augmentation: (a) physical simulation, and (b) Otiainal Wiksless
data-driven interpolation. Our main result is to Dataset
show that a combination of the two approaches
gives the best results. We evaluate our claims —_— -
both by measuring the accuracy of augmen- / % <h?§s PhARMNet ™\
tation directly (using hold-out data), and by

measuring the performance of a localization
algorithm trained using the augmented dataset.
Our main contributions are as follows:
PhARMNet and Localization. We develop an aug-
mentation method that takes in a dataset of re-
ceived signal strength (RSS) measurements and N
environment maps, uses derived environmen- Predicted RSS
tal features from the physics-based modeling For Ynseeq tocations
software TIREM [4], to produce an augmented
dataset of RSS measurements. Using holdout
data for evaluation, we show that the RSS mea-
surements produced via this hybrid method out-
perform purely physics (TIREM-based) meth-
ods, as well as purely data-driven interpolation
methods by significant margins (see Section 5).
We show that it translates to 20% - 40% improvement (on average) in downstream localization tasks.
Two-transmitter localization. A particular challenge for ML-based localization is the multi-transmitter
setting. Here, the issue of training data “covering” the space becomes more severe; to see this,
suppose have n grid cells where transmitters may be located. There are (}) different 2-TX pairs,
each of which may cause distinct interference patterns at the receivers, so unless they are all
covered by the training data, ML methods may perform poorly. Furthermore, in our datasets, the
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Fig. 1. Overview of PhARMNet
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number of 2-TX samples is much smaller (only around 350 samples). Here, we design a variant of
the PhARMNet model, and show that augmentation improves the 2-TX identification accuracy
from under 50% to over 70%. We also observe that PnARMNet captures interference patterns more
accurately than simple superposition.

We conducted all our experiments on three publicly available city-scale localization datasets
[1, 8, 14], which provide diverse urban environments and reliable RSS measurements. In addition
to the results above, we also demonstrate that augmentation allows us to adapt localization models
to more dynamic settings, e.g., when new sensors are deployed. We also study the question of how
much of synthetic data to add in order to obtain optimal results.

2 Background and Related Work

Data augmentation is a classic technique in Computer Vision and ML, often applied to improve
model accuracy by increasing training diversity, helping models generalize to unseen data [5, 16].
In the context of wireless localization, very few works have applied data augmentations. In [10],
Mitchell et al. apply adversarial training to a CNN-based localization model to improve robustness
to attack. LLOCUS [12] interpolates RSS values to a set of fixed locations, but this was done to
enable localization using mobile sensors rather than to improve model generalization. Several
works use synthesized RSS propagation data to train localization models [22], [23], but these works
also evaluate the localization model on the same synthetic data, failing to address the question of
augmentation and improving model generalization. Recent works such as RadioUNet [7] have used
CNN s for path loss prediction to train another CNN model on synthetic data. However, the practical
application of this approach remains entirely untested due to the lack of real-world datasets for
evaluation and the oversimplification of the training environments. Our work addresses whether a
localization model can be accurate in real-world scenarios when trained using synthetic data.
Terrain Integrated Rough Earth Model (TIREM): TIREM is a widely used RF propagation
model for estimating large-scale path loss by considering terrain profiles, surface roughness, atmo-
spheric conditions, and antenna heights [4]. Supporting frequencies from 20 MHz to 1 THz, TIREM
models both line-of-sight (LOS) and non-line-of-sight (NLOS) scenarios. TIREM simplifies the
environment to a two-dimensional elevation profile, ignoring multipath reflections, scattering, and
antenna directionality. These assumptions limit its accuracy in complex propagation phenomena.
Nevertheless, TIREM remains efficient for large-scale modeling where ray tracing is impractical.

3 PhARMNet: Augmentation Framework and Localization

This section presents our PhARMNet framework, at the architecture level. The architecture has three
key components: (i) the feature extraction step that utilizes the DSM (terrain map) of the domain of
interest and computes environment and physics-aware features for each transmitter-receiver pair,
(i) the PhARMNet propagation model, a neural network that learns to predict RSS values using
the collected data and the physics-based features, (iii) the dataset augmentation procedure and the
downstream localization model. PhARMNet takes as input the base station (receiver) coordinates, a
DSM terrain map of the propagation area, training data with transmitter coordinates and receiver
RSS values, and outputs an augmented dataset. This dataset is used to train an improved localization
NN model.

(i) Feature Extraction using TIREM. Given DSM data, we use the TIREM [4] to model our propagation
environment and calculate a set of 14 geometric and propagation features. Specifically, given a pair
(tx,rx), the generated features using TIREM capture the propagation environment between tx
and rx. These features consider both line-of-sight (LOS) and non-line-of-sight (NLOS) conditions
and include: diffraction parameters (3), diffraction and elevation angles (5), LOS/NLOS indicator
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(1), number of “knife edges” (1), number of obstacles (1), and shadowing angles (2). A detailed
breakdown of each extracted feature and their expression is provided in Appendix A. These features
are computed for each transmitter-receiver pair in the training data, as well as for candidate receiver
locations used during synthetic augmentation. Since this is computationally intensive for city-scale
domains, we develop a parallel implementation by dividing the domain into sub-grids and focusing
only on regions where augmentations are placed. We could thus reduce the computation time from
hours to under 45 seconds on a 12-core AMD Ryzen 9 3900X CPU on all of our datasets.

(ii) PAARMNet Propagation Model. The next step in our augmentation framework takes the vector
of features obtained from step (i) (for a given tx, rx pair) and produces an RSS value. For this, we
use a simple shallow NN architecture, shown in Figure 2a. It consists of four intermediate layers of
200 neurons each. For the case of two-transmitter localization, we use a “multi head” architecture
(Fig. 2b). The choice of hyperparameters (number of intermediate neurons and number of layers)
was made based on manual tuning given the data and domain size, and developing auto-tuning
methods is an interesting direction for further research. We use the given data to train the model,
using a standard Adam optimizer.

Tx-1 features Tx-2 features
(14) (14)

Tx features 2 2

(14 Dense 200 + ReLU Dense 200 + ReLU
Dense 200 + ReLU Dense 200 + ReLU
Dense 200 + ReLU _ 332 32 U-Net Architecturs 64 3232 1

= conv3x3, RelU max-pool 2x2 copy
Dense 100 + ReLU Dense 100 + ReLU x| conv 1x1 up-conv 2x2 » B
Dense 200 + ReLU ‘
O 64 64 128 32
Dense 200 + ReLU Zl
Dense 200 + ReLU 2
R PTRETTY 256 64 a
Dense 200 + ReLU Dense 100 + ReLU % » O{ F + |
- 256 256 512 128
Output: RSS Output: RSS L fs ML
£ .
) ) LI
(a) PhARMNet for 1-TX (b) PhARMNet for 2-TX (C) UNet model for localization

Fig. 2. PhARMNet architectures for single and two transmitters, and the UNet localization model.

(iii) Synthetic Data Augmentation and Localization NN. Once the PhARMNet propagation model is
obtained, the dataset is augmented with RSS values corresponding to (tx, rx) pairs for receivers of
interest, and tx locations that are not close to a sufficient number of transmitters in the training
data. For the two transmitter case, a similar set of synthetic data points is generated and a random
sample of desired size is used for augmentation.

We adopt the state-of-the-art UNet-based localization
model proposed in [9] as the downstream localization
model for our PhARMNet augmented dataset. As an aside,
we were able to improve the model performance by intro-
ducing non-linear calibration using bspline (as opposed
to a simple linear scaling used in [9]). We also modified  Fig, 3. CNN pipeline: RSS measurements
the output calculation of the model by introducing clus- are converted to an image and input to CNN
tering instead of just peak selection to make it suitable for localization.
for multi-transmitter case. We describe the modifications

Localization
Estimate

GNN Model
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in Appendix B. The localization pipeline follows the standard paradigm used in recent works
[7, 11, 21, 22], where RSS measurements are first converted into a 2D image representation such
as Fig. 3, and the output is an image showing the heatmap for the localization. (This enables the
use of an image-to-image architecture such as UNet.) In training, we use the center-of-mass (CoM)
approach from [21] to obtain the predicted device coordinates from the UNet’s output heatmap.

4 Evaluation Methodology

We begin with an overview of our evaluation framework. We will first introduce the three large-
scale outdoor datasets that we use for our experiments. Our evaluation will have two parts. First,
we evaluate the quality of the data augmentation, and second, we will evaluate the effect of
augmentation on the downstream task of transmitter localization.

4.1 Evaluation Datasets

We use three real-world datasets (summa-
rized in Table 1). Each dataset is associated
with a high-resolution DSM (i.e., a terrain

Table 1. Dataset parameters. Num. Inputs denotes the num-
ber of active receivers in the samples.

map), with resolution in the range 0.5-1m. DS1[8] | DS2[14] | DS3[1]
DS1 (POWDER-FRS [8]): Campus-scale Freq. [MHz] 462.7 3543 868

) . Area [km’] 22x24 | 14X 14 | 6.1X56
FRS-band (462.7 MHz) signals from mobile Recelver Sensors 23 3 15
and stationary sensors. The data includes Mobile Sensors | 0-4 (Rx) 0 0

. . Num. Inputs 9-23 4-5 5-10

RSS measurements at multlple receivers, One-Tx Samples 1577 15613 10032
and it contains samples with one (1-TX) Two-Tx Samples 346 0 0
and two (2-TX) transmitters. The terrain RSS Samples 95517 | 77,639 | 57.777

is complex with significant elevation differences and a campus environment with buildings.

DS2 (POWDER-CBRS [14]): CBRS-band (3.5 GHz) from fixed transmitters with sparse RSS
measurements (4-5 active receivers). This dataset also covers scenarios where the active receivers
are all far from transmitter.

DS3 (Antwerp [1]): Urban LoRaWAN traces at 868 MHz from a mobile transmitter. This dataset is
the most complex due to occlusions and urban canyons. We use the DSM provided by [19].

4.2 Evaluation of the Augmentation

We compare PhARMNet with three established methods for RSS estimation, that we first describe
briefly. The first two methods are data-driven, using interpolation techniques to predict the RSS
value at a certain location. The last method is physics based, as discussed earlier.

(1) RBF Interpolation: Uses SciPy’s RBFInterpolator with a linear kernel (S = 1). To extend
beyond the convex hull of training points, RSS values are first predicted at the region’s corners
using a log-distance model. For the 2-TX case, individual predictions are obtained as above, and
combined linearly in the power domain.

(2) CELF [20]: Applies Bayesian linear regression to learn a spatial loss field over residuals from a
log-distance model. Path loss is computed by integrating the learned field along direct paths. CELF
requires only 2D locations, enabling flexible mobility settings without DSM input.

(3) TIREM [4]: Classical model using knife-edge diffraction over terrain profiles. The model uses
high-resolution DSM to extract features and leverages them for prediction. Care is taken to align
the locations from the RSS data with the DSM before feeding them to TIREM.

Evaluation. The accuracy of the augmentation is evaluated using a natural hold-out approach: a
subset of the training data is hidden from the models during training, and the accuracy is obtained
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by comparing model’s output at these points to the true RSS measurements. Our experiments
evaluate different choices for the holdout set, as we now explain. The full results are presented in
Section 5.

4.3 Selecting Holdout Data

As we discussed earlier, the difficulty =
in data augmentation comes from the ; BN, D=
fact that certain regions of the do-
main may not be well-represented
in the training data. To emulate this 2
in our evaluation, we partition the : , 5
domain of our training data into an :
N x N grid of regions, and we hold (8
out all transmitter data from a subset
of the regions (roughly 207% of them, (a) DS1with2x 2 grid  (b) DS2 with 5 x 5 grid
similar to [9, 21]). For the purposes

of the ML training process, data from  Fig 4 Device and base station locations with grid-based holdout.
these regions can be viewed as being Training (blue), OOD (orange), base stations (green).
“out-of-distribution” (OOD). Figure 4

shows examples with N = 2 and N = 5 for two of our datasets.

5 Evaluation of Data Augmentation

We evaluate PhARMNet’s RSS prediction performance against the three baselines discussed above:
RBF interpolation, CELF [20], and TIREM [4].

5.1 Qualitative Comparison for a Fixed Transmitter

Fig. 5. Predicted RSS over DS2 (5 X 5 grid, 1-TX). Left to right: RBF, CELF, TIREM, PhARMNet.

Before delving into quantitative results, we show in Figure 5 the predicted RSS values at various
receiver locations, from a fixed transmitter. RBF and CELF are data-driven, but do not use the
DSM terrain data, while TIREM uses only DSM. Note that RBF yields smooth surfaces but ignores
obstacles. CELF provides a better structure but lacks DSM awareness. TIREM models occlusions
but underpredicts in shadowed zones. PhARMNet balances obstacle-sensitivity and spatial smooth-
ness, preserving edges while reducing artifacts. Its environmental features and training on real
measurements enable strong generalization in unseen regions, that as we will see quantitatively,
outperform purely geometric or data-driven methods.

J. ACM, Vol. 37, No. 4, Article 111. Publication date: August 2018.
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Fig. 6. Mean absolute RSS error (in dB) on OOD test samples across three datasets.

5.2 RSS Prediction Results (1 TX)

¥

We evaluate the generalization ability of PhARMNet against three baselines—RBF interpolation,
CELF, and TIREM—on hold-out (or out-of-distribution (OOD)) test samples generated via spatial
splits (3 X 3, 5% 5; see Section 4.3) in the 1-TX setting. The boxplots in Fig. 6 present the distribution
of absolute RSS prediction errors per sample across all test configurations. PhARMNet consistently
achieves the lowest median and lower spread of errors, indicating both accuracy and robustness.
The classical TIREM model, while physics-based and stable, lacks real-world adaptability and
tends to over-simplify the RSS prediction. CELF, though modeling a spatial shadowing field using
Bayesian regression, suffers in DS1 and DS2 due to limited training density. Surprisingly, RBF
interpolation performs competitively on average, benefiting from the high spatial continuity in

densely measured regions.

However, RBF fails sharply in spatially isolated
regions. As shown in Fig. 7, for DS3’s Sensor 15,
the RSS values are dramatically underpredicted by
RBF—often exceeding 80 dB in error—due to lack
of nearby ground-truth points. PhARMNet, in con-
trast, leverages geospatial features such as building
obstruction, terrain angle, and LOS/NLOS indica-
tors to generalize even in these low-coverage zones.
Together, these results confirm a clear trend: while
RBF can interpolate well within the dense training
regions, PhARMNet provides consistent and realistic
predictions in all our evaluation settings.

RBF PhARMNet
— 6501 + 00D Test 00D Test ¥
k=N v Sensor v Sensor
2 600 .
£ s \
A __ .
5501 :
3500 3600 3500 3600
Distance [m] Distance [m]

N}
=

S
Pred Error [dB]

—81

Fig. 7. RBF and PhARMNet prediction error for OOD
test samples for Sensor 15 in DS3 (5 X 5 split). In the
absence of nearby training samples, RBF underpredicts
severely, while PhARMNet maintains lower error.
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5.3 Modeling Superposition

RSS Prediction Accuracy: Accumulation vs. PhARMNet

100 RSS Error vs. Inter-TX Distance
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© PhARMNet Prediction
2
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(a) CDF of RSS prediction error: PhARMNet (b) RSS error vs. inter-TX distance.

vs. accumulated 1-TX.

Fig. 8. PhARMNet vs. naive accumulation on 2-TX RSS prediction.

We assess PhARMNet’s abitlity to model complex multi-transmitter propagation, by predicting
RSS in 2-TX scenarios and comparing it against a naive baseline: log-domain accumulation of two
spatially matched 1-TX samples from the corresponding single-transmitter samples: RSScombined =

10log;, (10% + 10%). Figure 8a shows that PhARMNet yields significantly lower prediction

error, with over 90% of samples under 3 dB error. In contrast, the accumulation baseline (which is
perfect if we assume the additivity of power) has a median error over 6 dB, with large deviations in
many cases. As illustrated in Figure 8b, PhARMNet maintains consistent accuracy regardless of
transmitter separation, even in high-interference cases. Meanwhile, the naive method degrades
as the distance increases, unable to capture complex signal interactions. These results confirm
PhARMNet’s effectiveness in modeling real-world multi-transmitter propagation beyond linear
signal superposition.

5.4 Use Cases and Trade-offs of RSS Estimation Models

Each RSS model presents distinct strengths de-

Table 2. Use-case summary of RSS prediction methods.
pending on deployment conditions. RBF per-

forms best with dense, in-distribution data, and Method Runtime [s] | Needs DSM | Data Needs
requires no DSM, but has high inference cost. _— T;“;“ I‘;fser - T
CELF offers efficient DSM-free predictions with CELF 78 i1 o Mediom
moderate generalization in low-data settings. | TIREM <300 <1 Yes Minimal
PhARMNet | < 800 3.8 Yes Low

TIREM provides fast, low-data estimates based
on terrain profiles but lacks adaptability. PhRARMNet excels in OOD regions, especially near isolated
base stations, using minimal data and DSM-derived features. The pros/cons of different methods are
shown in Table 2; method selection should align with environmental constraints and computational
and data resources.

6 Evaluation of Localization with PhARMNet Augmentation

We now evaluate how data augmentation using PhARMNet improves localization accuracy. We use
the localization model from [9] for our experiments.
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Table 3. Mean localization error (MLE) in meters, across five trials using different training settings and spatial
splits for the hold-out. For settings with 2TX samples, both MLE and the percentage of samples where both
transmitters were correctly identified (2TX-Acc) are reported, latter in parentheses.

Dataset  Training Setting  Split ‘ NoAug PhARMNet CELF RBF TIREM-FS

3x3 379 265 347 328 348
True: 1TX
+ Aug.: ITX 5x5 185 162 177 174 275
343 255 175 B 209 233
DS1 True: 1TX + 2TX (47.08%) (70.13%) (59.17%) (41.03%)
+ Aug.: 1TX + 2TX 545 172 146 B 177 179
(53.73%) (73.44%) (66.18%)  (46.07%)
3x3 255 181 B 229 241
True: 1TX + 2TX (47.08%) (72.58%) (62.81%)  (42.16%)
+ Aug.: 2TX Only 545 172 138 _ 189 186
(53.73%) (81%) (69.63%)  (47.04%)
3x3 353 235 292 295 282
True: 1TX ‘
DS2 + Aug.: 1TX 5x5 216 205 252 256 239
3x3 1120 935 1065 1030 1109
True: 1TX ‘
DS3 + Aug. 1TX 5x5 644 602 609 670 593

6.1 Improvement in Localization Accuracy

Table 3 shows that PhARMNet consistently improves mean localization error (MLE), especially in
grid-based OOD splits. For instance, in DS1 (3 X 3), MLE drops from 379 m to 265 m. As a technical
detail, for DS1, sensor-specific models are used as there were three categories of sensors; DS2 and
DS3 employ a single model.

In samples with two transmitters(2TX), augmentation using PhARMNet improves both the
estimation error, and the 2TX identification accuracy (2TX-Acc). The latter rises from 47% to
over 80% in some cases. RBF based augmentation shows a comparable MLE but lower 2TX-Acc,
highlighting its weakness in modeling interference. TIREM performs poorly, presumably because
it is purely physics based and not data-driven. CELF is excluded as it does not support multi-TX
input. Two augmentation strategies were tested: full (1TX+2TX) and 2TX-only. The latter improves
2TX-Acc slightly by reducing 1TX-2TX imbalance in the dataset, though it can increase MLE in
unseen 1TX regions. This trade-off illustrates the need to balance synthetic coverage. Another
spatial error improvement analysis is discussed in Appendix C.

6.2 Localization in Isolated Regions

We assess PhARMNet’s utility in Table 4. Mean localization error (m) over five trials with and without
“isolated” locations —-test points  ppARMNet augmentation. “200m Avg” refers to isolated test points
that are over 200m from any that are more than 200m from any training samples.

training sample— where inter-

polation methods fail. Table 4 No Aug PhARMNet Augmented
_ Setting Avg  200m Avg | Avg 200m Avg
shc?ws that.PhARMI?Iet augmen Bsi3s T 375 771 56E 302
tation significantly improves lo- DS15x5 | 185 258 162 116
_— : DS23x3_| 353 385 235 182
calization, reduFlng error by up S as — o =
to 192m (42%) in these regions. DS3 Rand. | 294 720 278 205

While traditional models falter
in data-sparse zones, PhARMNet’s terrain-informed predictions effectively bridge gaps, enabling
accurate inference even in unobserved locations.

6.3 Augmentation for Localization in Dynamic Environments
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PhARMNet supports improved localization in =500 s s s
adaptive or dynamic settings, enabling mod- - BN Full training data
els to incorporate newly deployed base sta- =

tions without additional data collection. We < 100

randomly select 20% of the base stations in 0
each (1-TX) dataset, treat them as newly de-
ployed, and compare three models: (i) non-
adaptive—trained without any RSS inputs
from those receivers, (ii) adaptive—augmented
using PhARMNet-generated RSS, and (iii) full-data—trained with all ground-truth.

As shown in Figure 9, PhARMNet augmentation recovers much of the performance gap. In DS2
and DS3, the adaptive model is within 2 m of the full-data model. In DS1, it yields a 19m (21%)
improvement over the non-adaptive baseline. Across 15 trials, PhARMNet improved accuracy in 14,
and was within 1 m of the baseline in the remaining case. Gains are especially prominent in DS2,
which has only 5 RSS inputs per sample, making each augmentation more impactful. These results
highlight PhARMNet’s ability to synthesize the measurements, supporting fast adaptation to new
infrastructure without retraining on real data.

DS1 DS2 DS3

Fig. 9. Mean localization error across five trials: non-
adaptive, PhARMNet-adaptive, and full-data models.

6.4 How much Synthetic Data?

Using the 2-TX setting, we also conduct a sim-
ple experiment where we increase the num-
ber of synthetic 2-TX samples used in training,
while keeping 80% of the real 2-TX training data
(around 300 samples; using the other 20% for
validation). All the 1-TX samples are used dur-
ing training. As seen in Figure 10, without aug-
mentation, 2-TX identification has accuracy un-
der 50%. Accuracy improves rapidly with added
PhARMNet samples (up to ~ 600 samples), sat-
urating around 80-85%.

<
S

2 ¥ 9 °o W 9§ ® @
g & &8 & 3 & 8 &

Percentage of Test Samples Identified as 2-TX
s

3
3

0 500 1000 1500 2000 2500 3000
Number of 2-TX Augmented Training Samples

7 Conclusion

We presented PhARMNet, a physics-informed Fig. 10. Varying number of synthetic samples (fixed
signal propagation modeling framework that 80% true 2-TX).

combines terrain-aware simulation with data-

driven learning. PhARMNet not only predicts

RSS in real-world environments but also serves as an effective data augmentation engine to enhance
localization models. Our experiments demonstrate that augmentations generated by PhARMNet
significantly improve localization accuracy, particularly in out-of-distribution (OOD) and multi-
transmitter settings. We also show that PhARMNet enables adaptive localization by synthesizing
RSS data for newly added base stations, achieving near-parity with fully supervised models without
requiring additional measurements. By bridging classical propagation theory with modern machine
learning, PhARMNet addresses key challenges in scalable, realistic localization and opens the door
for broader use of physics-augmented learning in wireless systems.
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A Terrain and Environmental Features

This appendix provides formal definitions and mathematical expressions for the 14 terrain-aware
and physics-based propagation features extracted using the TIREM engine, used to inform both
real and synthetic training data within the PhARMNet framework.

1. Diffraction Parameters (2): These parameters quantify signal obstruction due to knife-edge
diffraction at terrain or building discontinuities using normalized clearance: v = h_hy

Adydy
dy+dy

v is the Fresnel diffraction parameter, A is the height of the obstacle apex, A; is the line-of-sight
height at the same horizontal position, d; and d, are distances from transmitter and receiver
to the obstacle, A is the signal wavelength. From v, the diffraction loss Ly is approximated via:

v <-0.78

0
L =
a(®) {6.9 +201log,, [\/(v 002+ 1+0— 0.1] 0> —0.78

We extract two features per link: (i) maximum v value, and (ii) total cumulative diffraction loss
L, across all obstacles.

2. Max Obstacle Diffraction (1): This feature measures the normalized clearance v at the most
significant obstacle: vmax = max; v; ,where i indexes the obstacles along the Tx-Rx path.

where:

3. Diffraction Angles (2): We compute the angular spread at obstacles as: §; = tan™! (%) +

tan~ (h T —hy ) ,where: h; is the obstacle height, h; and h, are transmitter and receiver heights, d;;

and d,; are distances from tx/rx to the obstacle. We report: (i) average 0,; and (ii) max 6.
4. Elevation Angles in NLOS (2): For NLOS paths, we define the elevation angles between

the transmitter/receiver and the first obstructing object: ON-O5 = tan~! (h"bfi—t_h‘), ONLOS =

—1  hobs=hr
dr

tan ) ,where hgps is the height of the first blocking object, and d;, d, are distances from

the transmitter and receiver to the object.

5. Tx-Rx Elevation Angle (1): The direct elevation angle 6, between the transmitter and
receiver is: 0;, = tan™! %), where d;, is the horizontal distance between the Tx and Rx.

6. LOS/NLOS Indicator (1): This binary flag is computed by performing terrain and obstacle
ray-intersection analysis. The path is considered line-of-sight (LOS) if: Vx € [x;,x,] : h(x) <
h: + (h’d#(x — x;). Otherwise, it is non-line-of-sight (NLOS).

7. Number of Knife-Edges (1): A terrain profile is segmented into a series of triangle peaks.
Each sharp peak with convex shape and height gradient above a threshold is counted as a knife-edge

obstacle: Knife-Edges = }}; ¥ [ ‘“_hf > r] with threshold 7 defined empirically (e.g., 15° slope).

div1—d
8. Number of Obstacles (1): Each terrain or building structure intersecting the direct line-of-
sight ray is considered an obstacle. We count: Nyps = >; ¥ [h; > hj(x;)], where h; is obstacle height
at point x; and h;(x;) is height of the direct LOS ray at x;.
9. Shadowing Angles (2): These angles capture lateral shadowing of the signal path due

hL,max - ht
dr,

to topography: 0 = tan™! , Osr = tan™!

h -h
%), where hp max and hgmay are

maximum obstacle heights within a lateral window to the left and right of the Tx-Rx path.

B Improving UNet Localization Model using BSpline and Clustering

Non-Linear Sensor Calibration with B-Splines: In prior work [10] described in section 3, UNet-
based RSS localization models used linear calibration layers to compensate for hardware differences
across sensors by learning per-sensor scale and shift parameters: 7;; = w; - r;; + b;. While effective
for reducing bias, this approach cannot model non-linear effects such as antenna gain variation
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or hardware filtering. To address this, we introduce B-spline-based non-linear calibration layers.
A B-spline models a smooth, piecewise polynomial transformation: # = }; cxBk(r), where By are
fixed basis functions and ¢y are trainable weights. Each sensor is assigned an independent calibrator.
This architecture allows the model to learn smooth, non-linear corrections, capturing complex

real-world distortions.

Sharper Heatmaps with B-Spline Calibra-
tion: Figure 11 shows output heatmaps for
the same input. Linear calibration produces
diffuse, ambiguous regions, whereas B-splines
yield sharply localized peaks, improving inter-
pretability and localization precision.
Extension to Multi-TX: Standard UNet uses
center-of-mass (CoM) to extract 1-TX locations
from heatmaps. In 2-TX settings, this fails due
to overlapping peaks. We apply clustering (e.g.,
DBSCAN) to the output heatmap to detect dis-
tinct activation blobs and extract multiple pre-
dicted locations. This generalization enables
the model to scale to multi-transmitter localiza-
tion.

(a) Linear calibration (b) B-spline calibration
Fig. 11. Comparison of predicted transmitter heatmaps
using linear vs. B-spline calibration. B-spline calibration
produces more concentrated and confident outputs.

C Spatial Improvement in Localization Accuracy
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Fig. 12. Reduction in localization error due to PhARMNet augmentation for OOD test samples across datasets.

Figure 12 shows spatial error improvements. Gains are strongest in regions far from training data
using PhARMNet, confirming that physics-aware augmentation compensates where data-driven
methods fail. Some degraded samples are attributed to random variation in the trained models.
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