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Abstract

Accurate geolocation for low-power wide-area (LPWAN) devices is desirable when GNSS is unavailable or too
energy-expensive, yet RSSI-/TDoA-based approaches are often fragile under channel variability, collisions
and cross-device heterogeneity. We address this gap with a reproducible, tabular pipeline that maps LoRa
RSSI/SNR/ToA and PHY metadata to 2D positions, compares strong tabular baselines (k-NN, Random Forest,
LightGBM, XGBoost), and crucially evaluates them under group-aware (device-wise) splits to avoid identity

leakage. On an ns-3-generated LoRa dataset of about 3.3 x 10* labeled receptions, Random Forest attains
the tightest distribution with p50 ~ 0 m and p95 <1 m, whereas k-NN, despite a low median, exhibits a
much heavier tail (p95 ~ 187 m), underscoring the need to report both central and tail metrics. These results
indicate that simple, edge-feasible models can perform gateway-side inference with robust accuracy when fed
cleaned features and evaluated with realistic splits, making the approach attractive for practical LPWAN/IoT

deployments.
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1. Introduction

Accurate, low-power localization is essential for
dense IoT deployments, yet GNSS degrades indoors
due to multipath and attenuation [1-3]. LPWANs—
notably LoRa/LoRaWAN—offer long range and ultra-
low energy, but converting PHY indicators (RSSI/SNR)
into precise positions is challenging because of non-
stationary channels, device heterogeneity and heavy-
tailed errors [4-8].

Classical geometric methods (trilateration, TDoA/Ao0A)
and data-driven fingerprinting have been explored
across Wi-Fi/BLE/UWB/LoRa [1, 9-11]. Learning-
based fingerprinting alleviates explicit channel mod-
eling but can struggle to generalize across devices
and sites without robust protocols and features [2,
12]. Recent LoRa studies report gains via ML/DL
on RSSI/SNR [5, 6, 13], dynamic path-loss modeling
[14], noise-aware fingerprint cleaning [15] and modern
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CNNY/SE blocks [16]; data-centric augmentation further
reduces collection burdens [17]. Community datasets
(e.g., multi-storey RSSI/SNR) enable fairer comparisons
[18].

We target practical LoRa localization with models that
are easy to train, efficient at in ference an d evaluated
under group-aware splits (e.g., by device/gateway) with
geodesic metrics (median, p90/p95/p99) advocated by
prior work [1, 2, 8]. Unlike studies that emphasize
novel neural architectures, we position this work as
a reproducible benchmark of strong tabular methods,
with a focus on fair training, preprocessing and leakage-
aware evaluation. We study robustness via ablations
and noise handling [15, 19, 20].

Contributions:

* Reproducible pipeline. End-to-end LoRa RSSI/

SNR — (lat,lon) with standardized preprocessing,
group-aware splits and geodesic reporting [1, 2, 4,

5],
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 Fair baseline benchmark. Head-to-head compar-
ison of tabular localization models (k-NN, Ran-
dom Forest, LightGBM, XGBoost) under realistic,
leakage-aware evaluation.

* Practical insights. Empirical analysis of median
vs tail error, cross-device generalization, and
gateway-side feasibility in LPWAN/IoT settings.

Research Questions (RQs):

* RQ1l: Under group-aware evaluation, which
lightweight tabular model best balances central
accuracy and tail robustness for LoRa RSSI/SNR
fingerprinting? [8, 13]

* RQ2: Which features (RSSI, SNR, path-loss
proxies, device/gateway, temporal) most reduce
median and tail errors and how sensitive are gains
to noise handling [14, 15, 19]?

* RQ3: How well do models generalize across
devices/regions and low-data regimes and what
benefits arise from channel-aware augmentation
[4,17]?

2. Background and Related Work

This section briefly reviews the main LPWAN localiza-
tion paradigms, their key challenges, and the role of
deep learning in improving localization performance.

2.1. LPWAN localization paradigms.

In LoRa/LoRaWAN and related LPWANSs, three fam-
ilies dominate: (i) fingerprinting that maps received
indicators (RSSI/SNR/CSI and metadata) to position
using ML/DL [8, 12, 13, 21, 22]; (ii) model-based meth-
ods that calibrate or adapt path-loss/channel models
(possibly with dynamic or context-aware parameters)
and invert range estimates [14, 23, 24]; and (iii) time-
based, multi-gateway methods (ToA/TDoA/Ao0A) that
solve geometric constraints-typically hyperbolic-when
synchronization and densified infrastructure are avail-
able [10, 11, 25]. Surveys across indoor positioning
consistently situate these families in terms of infras-
tructure cost, energy and achievable accuracy [1-3].
For LoRaWAN specifically, recent studies show that
RSSI/SNR fingerprinting and improved path-loss mod-
eling can be competitive under practical deployments,
while TDoA benefits from gateway timing quality and
topology [4, 5, 14].

2.2. Challenges in LPWAN localization.

Indoor and mixed environments induce multipath,
shadowing and heavy-tailed errors that confound rang-
ing assumptions and degrade naive fingerprints [2,
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7, 26]. Hardware bias/device heterogeneity (front-
ends, antennas, firmware) shifts RSSI/SNR distribu-
tions across devices [27, 28], while ADR (Adaptive
Data Rate), spreading factor/coding-rate changes and
regional duty-cycle limits alter link budgets and spa-
tiotemporal sampling density [5, 29, 30]. Data quality
issues (outliers, missing receptions) further motivate
noise-robust modeling and cleaning [15].

2.3. Deep learning (DL) for RF localization: promise
and pitfalls.

DL can capture non-linear propagation and cross-
feature interactions, improving accuracy over classical
regressors in RSSI/SNR fingerprinting [13, 16, 31, 32].
However, overfitting to device/site-specific artefacts
and optimistic random splits are recurrent risks;
robust evaluation demands group-aware splits (e.g., by
device/gateway/region) and clear reporting of median
and tail errors (p90/p95) with CDFs [1, 2, 8, 14,
33]. Recent works address data scarcity and drift
via channel-aware augmentation and noise detection,
improving generalization at lower collection cost [15,
17, 19]. Within LoRa/LPWAN, the balance between
lightweight models (for edge feasibility) and robustness
to ADR/heterogeneity remains an active design trade-
off [4, 29]. Table 1 summarizes the main LPWAN
localization paradigms, their requirements, and their
main strengths and limitations in LoRa/LoRaWAN
settings.

Unlike many prior LPWAN localization studies that
report only mean or median error on random splits, this
work emphasizes leakage-aware evaluation by grouping
samples by device and context. In contrast to research
that focuses on complex neural architectures, we show
that strong tabular baselines are valuable reproducible
references for LoRa RSSI/SNR fingerprinting and that
tail metrics are decisive for deployment. Table 2
provides a compact taxonomy of LPWAN localization
approaches together with their main challenges and
recommended reporting practices.

3. Dataset and Preprocessing

This section describes the simulated LoRa/LPWAN
dataset, the main preprocessing steps, and the engi-
neered features used for model training and evaluation.

3.1. Signals and metadata

We train and evaluate on a LoRa/LPWAN dataset
exported by the provided ns-3 program, which logs
every successfully received packet at the gateway. In
the experiment reported here, the simulator places
one gateway at the origin (0,0) and uniformly

scatters end devices in a square area of 1,000 x
1,000 m; 50 simulated devices generate in total 32,692
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Table 1. LPWAN localization paradigms: requirements, pros/cons and LoRa/LoRaWAN considerations.

Paradigm Key requirements Strengths Limitations / LoRa-specific
notes

Fingerprinting Labeled radio map; consistent No strict sync; leverages mul- Sensitive to  drift, device

(RSSI/SNR/CSI) [8, device/gateway metadata; tipath; ML/DL captures non- bias, ADR changes; needs

12,13]

Model-based (Path-
loss / hybrid) [14,
23, 24]

TDoA / AoA (multi-
gateway) [10, 11, 25]

periodic refresh

Calibration (path-loss expo-
nent, offsets); environmental
context

Dense gateways; time/phase
calibration; backhaul

linearities

Interpretable; less labeling; can
fuse with filtering (KF)

Strong geometry when sync is
good; GNSS-free TDoA variants
possible

outlier/noise handling [15, 27];
update cost

Indoor non-stationarity;
wall/material effects;
exponent/context must adapt
[14]

Gateway sync/jitter; infrastruc-
ture cost; duty-cycle/backhaul
constraints in LoORaWAN [4, 5]

Table 2. Taxonomy of LPWAN localization approaches (LoRa/LoRaWAN), with challenges and reporting practices

Category Core Approach Typical methods / notes References
. . Fingerprint maps Room-/area-level or sub-meter with dense anchors and [8,12,13]
Fingerprinting A . .
(RSSI/SNR/CSI) (radio signatures) stable RF; CSI improves robustness vs. pure RSSI
Refinements (ML/DL; KNN/RF, MLP/CNN/RNN; noise cleaning, outlier [15,17]
data hygiene) removal and data augmentation to reduce drift
Model_based Path-loss / hybrid Log-distance, adaptiye/hybr.id with local calibration; [14, 23]
models complements sparse fingerprints
Refinements (dynamic Dynamic path-loss exponents; Kalman filtering to [14]
& filtering) mitigate multipath/noise
Time_based TDoA / AoA Time/angle geometry with multiple gateways; sensitive to [10,11]
sync and clock offset
Refinements (solvers & Hyperbolic solvers; robustness to timestamp outliers and [10]

sync) gateway drift

Challenges: Multipath/shadowing [7, 26]; hardware bias [27]; ADR/SF and duty—cycle constraints [5, 29]; data drift/noise

[15].

Reporting: Report median/p90/p95 and CDFs; use group-aware splits to avoid leakage [1, 2, 8, 33].

receptions (after filtering) toward the gateway. The PHY

parameters are drawn from EU868-like pools (e.g., SF €

{7, ..., 12}, BW € {125, 250} kHz, f< [868, 869] MHz)
with ADR enabled, so that the exported CSV reflects

realistic LoORaWAN time-on-air (ToA) and link-budget
variations as in [5, 29].
The CSV header is:

DevicelD, Latitude, Longitude,
Distance, TxPower_dBm, SF, BW_Hz,
Freq_Hz, ToA_ms, RSSI_dBm, SNR_dB,
PathLoss_dB, ADR, Start_s, Success,
Colliders

In this simulator, Latitude and Longitude are planar,
simulator-frame coordinates in meters not geodetic
degrees. To make this explicit in the learning code, we
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rename them to

x_m := Latitude, y_m := Longitude,

and we evaluate localization with the Euclidean error
l(£, 9) — (x, p)ll,.- When working with real LoORaWAN
traces (geodetic lat/lon), these (x,,, v,,,) must be mapped
to a local ENU/UTM frame or to a fixed geodetic origin
before computing haversine/geodesic errors, as
recommended by [1, 2]. We also retain:

¢ core RF indicators: rssi_dbm = RSSI_dBm, snr_db
= SNR_dB, txpower_dbm = TxPower_dBm;

e PHY/context: sf = SF, bw_hz =BW_Hz, freq_hz =
Freq_Hz, toa_ms = ToA_ms;

* ADR flag: ADR € {0, 1};
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* temporal index: Start_s (simulation time of the
event);

* reception quality: Success € {0, 1};

* collision report: Colliders (list/count
of concurrent transmissions on the same
time/frequency/SF).

For modeling we derive a normalized boolean
colli-sion_prox feature such that

1 if Colliders >0,

collision_prox = .
0 otherwise,

which captures collision/capture context in a form
usable by tree and DL models, following the noise—
aware fingerprint processing in [15].

3.2. Schema and usage

Table 3 maps the CSV columns to types, units and
downstream uses. The selected features match what is
commonly reported in RSSI/SNR fingerprinting, path—
loss based localization and LoRaWAN measurement
studies [5, 8, 14, 28].

3.3. Cleaning and sanity checks

Radio indicators in LoRa/LPWAN are known to be
heavy-tailed due to multipath, log-normal shadowing,
device-front-end bias and protocol dynamics such as
ADR and SF/CR changes [4, 7, 27, 29]. To prevent
these effects from dominating the regressors, we apply
conservative, literature-backed filters:

* Row validity. Drop any row with missing {x,,, v,,}
or core RF/PHY features (RSSI_dBm, SNR_dB, SF,

BW_Hz, Freq_Hz); drop Success = 0 since failed
decodes do not provide reliable fingerprints. This
follows the supervised setup in [1, 2].

* Duplicate removal. Keep only the first occurrence
per (DevicelD, Start_s) to avoid over-counting
temporally correlated samples, as recommended
in indoor/RSSI evaluations [33].

* Physical plausibility. We bound RSSI to [-130,

—40] dBm and SNR to [-25, 25] dB, which covers
typical LoORaWAN measurement ranges reported

in [5, 7, 28]; samples outside these ranges are
flagged and dropped if they are also inconsistent
with PathLoss_dB. We also verify that ToA_ms is
consistent with the LoRa ToA model for the
chosen SF/BW/payload, as in [14].

* Collision-aware cleaning. If Colliders >0 and
Success = 0, the sample is removed (interference-
dominated). If Colliders >0 but Success =1,

the row is kept and collision_prox=1is added,
following noise-handling practices from [15].

These thresholds are deliberately slightly wider than
the ranges reported in field LoRaWAN studies [5,
28] to accommodate simulator randomness, while
still removing values that would give unrealistically
optimistic or pessimistic localization errors.

3.4. Feature engineering

We reuse the usual RSSI/SNR fingerprinting features
and add a small number of context cues:

e Numeric: RSSI_dBm, SNR_dB, TxPower_dBm,
ToA_ms, Freq_Hz and when present PathLoss_dB,
standardized on the training partition only.

* Categorical PHY: one-hot encodings of SF, BW_Hz
and ADR.

* Temporal: from Start_s we derive periodic
features (e.g., hour-of-day as sin/cos) to let
the model capture load-/time-related drift, as
suggested in [2].

¢ Collision: boolean collision_prox described
above.

¢ Stabilization: for DL models we standardize all
numerics and optionally winsorize RSSI/SNR
tails; tree models tolerate raw scales.

To avoid train-test leakage, all preprocessing (fitting
scalers, one-hot vocabularies) is fitted on the train split
and reused for validation/test.

3.5. Simulator provenance

The dataset is produced by an ns-3 application that: (i)
places a gateway at (0, 0) and devices in a square meter
area, (ii) draws frequency/bandwidth/spreading factor
from EU868-like sets, (iii) applies a log-distance path-
loss with log-normal shadowing, (iv) derives RSSI/SNR
and LoRa time-on-air, (v) enables ADR to update
SF from SNR and (vi) applies capture/collision rules
on equal (Freq, SF,BW) before logging to CSV. This
design follows the path-loss and ADR dynamics studied
in [5, 14, 29] and produces realistic variability for
fingerprinting and hybrid models [8, 28].

4. Problem Formulation and Metrics

This section defines the localization task, the training
objective, the evaluation metrics, and the protocol used
to assess model performance.
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Table 3. CSV schema and downstream usage (units as generated by the simulator)

CSV column Type Unit Use in models
DevicelD categorical - grouping for leakage—free splits; optional
embedding/one-hot on train; pseudonymize for
release
Latitude —x_m numeric ~ m Target (planar x); compute Euclidean error
L?"Qit“de —ym numeric ~ m Target (planar y); compute Euclidean error diagnostic
Distance numeric m (not fed to models to avoid target leakage) input
TxPower_dBm numeric ~ dBm feature; part of link budget
Sk categorical - PHY feature (ADR dynamics, ToA)
BW_Hz categorical Hz PHY feature (noise floor, ToA)
Freq_Hz numeric ~ Hz subband proxy; can be binned to reduce sparsity
ToA_ms numeric ms load/duty proxy; correlates with SE/BW/payload
RSSI_dBm numeric ~ dBm core fingerprinting feature
SNR_dB numeric  dB link quality; ADR trigger
PathLoss_dB ADR numeric  dB engineered/hybrid feature [14, 23]
Start_s Success binary {0,1} ADR state; covariate for drift
Colliders numeric s derive hour-of-day, periodic features
binary {0, 1} filter failed demodulations for supervised training
integer/set - build boolean collision_prox or use raw count

4.1. Task Definition

We cast LPWAN localization as a supervised regression
problem from RF/features x; (e.g., RSSI, SNR, ToA, SF,
BW; cf. Section 3) to a 2D position p;. Because our
dataset is simulated and planar, the native target is

pi = (x;, i) €R?, (1)

and the model predicts

Pi= (i 91)- (2)
For real-world traces in geodetic coordinates, we
instead denote p; = (¢; , A; ) (latitude, longitude in
radians or degrees) and evaluate with a geodesic metric.
This separation avoids mixing planar and geodetic
distances in the same experiment, which is important
for reproducibility [1, 2].

4.2. Training Objective

We train the regressors to minimize a coordinate-wise
mean absolute error (MAE):

N

Z(b?i—

i=1

Lyrag = xil + 191 = vil), (3)

Z =

chosen for robustness to heavy-tailed residuals that
arise in RSSI-based localization under multipath,
shadowing and hardware biases [4, 5]. When the targets

are geodetic (@;, A;), (3) is written with (¢;, A i,)and (pi,

A;) instead; the loss form remains MAE.
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4.3. Evaluation Metric: Geodesic vs. Planar Error

For real-world (geodetic) data, model quality is
reported using the geodesic (great-circle) error in meters:

geo = Haversine(¢;, A;; ¢, ;)

=2R arcsin(\/sinz( 91‘7‘”4

where R = 6,371,000 m is the Earth radius.
For purely planar simulations such as the ns-3 dataset
used here, we compute the Euclidean error in meters:

planar B -pi ZH: \/

Under small-angle assumptions, (4) reduces to (5),
but we keep both definitions explicit to avoid metric
confusion across datasets, following indoor/LPWAN
practice [1, 2, 33, 34].

) + cos(¢;) cos(§ sin? (LE_,\L

-vi)% (5)

Metric policy. (i) If the dataset is planar/simulated
(targets in meters, e.g., Xx_m, y m from ns- 3) report

only the Euclidean error eplanar in meters using (5).
(ii) ‘If the dataset is real- world/geodetic (targets in

latitude/longitude), report only the haversine/geodesic
error eg using (4). (iii) Do not mix planar and geodesic
metrics in the same table or figure; when both are
needed, present them in separate results blocks.
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Table 4. Primary evaluation metrics computed on the

test split

Metric Symbol De nition
Mean error e L fiM

) M _1_16
Median (p50) Qg 50 quantile(e, 0.50)
Tail quantiles  Qg.75/0.90/0.950.99 ~quantile(e, q)
CDF curve Fg(t) N 2. Ie; < t]

4.4. Reported Statistics and Curves
planar

From the error set {¢;};cp (either all ¢; or all e?’eo, per
the policy above) on the held-out test split, we report:

S _ 1

. = = vM
the mean error e = y; yM e,

* the median (p50) Qg 50,

e tail quantiles Q0'75, Qo'go, Q0'95, Q0'99,

* and the empirical CDF

M
et = ) leist) (6)

These summarize typical and tail behavior and
match what is commonly reported for LoRa/LPWAN
localization [5, 33, 34].

Table 4 summarizes the primary evaluation metrics
used throughout the experimental study.

45. Evaluation Protocol

We adopt a group-aware split to prevent identity
leakage:

* 80/10/10 train/validation/test by DevicelD
(and region/time block when present), ensuring
devices in test never appear in train/val [1, 2].

* For robustness, we optionally perform Group-
KFold (K =5) cross-validation by device and
macro-average the metrics.

* A naive random split is shown only as a weaker
reference, as it is known to inflate results
when packets from the same device/environment
appear in multiple splits [2, 4].

Figure 1 illustrates the group-aware splitting strategy
adopted in this work and highlights its difference from
a naive random split.

4.6. Model Selection and Reporting

Hyperparameters are selected on the validation
set using the MAE loss in (3) while monitoring
the chosen distance metric (planar or geodesic)
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on the same split. Final performance is reported
once on the held-out test groups with the full set
{mean, median, p75, p90, p95, p99} and CDF curves,
enabling side-by-side comparison with prior LoRaWAN
studies where tail guarantees (p90/p95) are decisive
for IoT QoS [5, 33, 34].

5. Methods and Experimental Setup

This section details the learning baselines and the
full experimental protocol used to evaluate LPWAN
localization from RSSI/SNR/ToA and related features.
In line with prior surveys and LoRa/LPWAN studies [1,
2, 4, 5, 33], we include transparent (non-black-box)
baselines such as k-NN fingerprinting and Random
Forests. A compact MLP architecture is also described
as a candidate lightweight model, while the primary
reported results focus on the tabular baselines. We
additionally report split sizes, parameter counts and
indicative edge-class inference latency to make the
setup fully reproducible.

5.1. Baselines

(B1) k-NN fingerprinting. Classical RSSI/SNR fin-
gerprinting with k-nearest neighbors remains a strong,
interpretable baseline for indoor/LPWAN localiza-tion
[1, 2]. We use Euclidean distance in the stan-dardized
feature space and tune k € {1, 3, 5, 7, 9, 15} on the
validation split. k-NN has been shown competitive
across Wi-Fi/BLE/LoRa settings [4, 19, 33, 35], but its
query cost grows linearly with the number of stored
packets.

(B2) Random Forest (RF). Ensembles of decision
trees provide robust non-linear regressors on
tabular RF features and are widely adopted in
indoor localization [2, 12, 36]. We grid-search

Mestimators € {200, 400, 600, 800} and maximum depth €
{None, 10, 20}, selecting on validation error. On our split

(about 2.6 x 10* train packets; see below), RFs of
400-600 trees with depth 10-None achieve a good trade-

off between accuracy and inference time.

(B3) Gradient-boosted trees. We also include
XGBoost and LightGBM as strong tabular baselines,
early-stopped on the validation set, following current
practice in RSSI/CSI-based localization challenges [2,
33]. Unless otherwise noted:

* XGBoost: #legtimators = 2000, learning rate 0.03,
max depth 8, subsample = colsample_bytree =
0.9, early stopping after 200 non-improving rounds.

e LightGBM: #egtimators = 5000, learning rate 0.03,
early stopping on validation with 200 rounds of
patience (i.e., training halts if the validation metric
does not improve for 200 rounds).
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All labeled packets
(features, labels)

[ Group by deviceid J

(+ region/time)

Train
80% (groups)

\\

Val Test
10% (groups) 10% (groups)

Random split (ref.)

May leak identity/context

groups, rotate folds, macro-average

[ GroupKFold (K=5): split by device }

Figure 1. Group-aware evaluation protocol used to prevent device-level leakage between training, validation and
test sets

This makes explicit the stopping rule, which is
important to reproduce the exact number of boosting
iterations.

5.2. Candidate compact MLP

We use a feed-forward network with hidden widths

{256, 128, 64}, ReLU activations, dropout (0.2-0.3) after
hidden layers and a linear output head for the two
coordinates (%, 9) (or (@, 1), depending on the task). The

loss is MAE, optimized with Adam (107°), cosine/ steE
decay and early stopping on Vahdatlon dlstance wit

patience 20. Inputs are standardized numerics (RSSI,
SNR, Tx power, ToA, frequency, etc.) concatenated with
one-hot categorical features (SF, BW, ADR, and, when
allowed, region/subband/device family)!.  This
architecture is described for completeness and to
anchor future comparisons, while the current
experimental results focus on the tabular baselines. For
the feature set used in our runs (roughly 25-30 effective
input dimensions after one-hotting), the MLP has on
the order of

30 x 256 +256 x 128 +128 x 64+ 64 x 2 =~ 66,000
e e —— S———
input—hl hl1—h2 h2—h3 h3—out

trainable weights (plus biases), i.e., ~ 70k parameters in
total. This size is well within what an edge-class CPU

can evaluate in sub-millisecond to low-millisecond time
for a single packet.

5.3. Complexity and Latency

k-NN inference is O(Nd) per query (memory O(Nd)),
where N is the number of stored train packets and d

TPreprocessing mirrors the pipeline used for baselines to ensure

fairness.
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is the feature dimension; with N ~ 2.6 x 10%and d =~ 30,
naive k-NN is still feasible but already benefits from

ANN/vector indices if deployed at scale. RF and
boosted trees predict in O(T - depth) per query, where T
is the number of trees. On an edge-class gPU similar to
a modern ARM core (single thread), the following
indicative latencies were observed in Colab-like
environments:

* RF (400 trees, depth 10): ~ 1-2 ms / packet,

* LightGBM (early-stopped < 1500 trees): typically
<2 ms / packet,

* MLP (~ 70k %arams 1~ 0.3-0.8 ms / packet
(PyTorch CP

e k-NN (N ~ 2.6 x 104) 2-6 ms / packet without
indexing, linear in N .

Therefore gateway/edge execution is realistic for
RF/GBDT/MLP; in constrained LoRa end-devices, on-
device inference remains unrealistic and we assume
gateway-side localization [4, 5].

5.4. Experimental Setup

Data and splits We use the simulated dataset described
in Section 3, which contains Npkt = 32,692 received
packets generated by Ngy., = 50 devices toward a
single gateway. We follow the group-aware protocol of
Section 4:

¢ Train: 80% of devices = 40 devices, ~ 26,100
packets.

¢ Validation: 10% of devices = 5 devices, =~ 3,300
packets.

* Test: 10% of devices = 5 devices, = 3,300 packets.
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Exact packet counts vary slightly because individual
devices do not generate the same number of trans-
missions; we log the final counts in the run metadata.
This dual reporting (by devices and by packets) makes
it clear that test devices are unseen during training,
preventing identity leakage [1, 2].

Preprocessing Numerical columns are z-scored and
categorical columns one-hot encoded via a Column-
Transformer fit on the training partition only; the fitted
transformer is reused for validation and test. All models
consume the same transformed feature matrix.

Hyperparameters & selection Unless noted, we adopt the
following settings (also reflectedin thesh ared Colab
notebook):

e k-NN: ke {1, 3,5,7,9, 15} (chosen on validation
MAE / distance).

* RF: #egtimators € {200, 400, 600, 800}, max-depth €
{None, 10, 20}.

* XGBoost: Megtimators = 2000, LR = 0.03, max-depth
= 8, subsample/colsample = 0.9, early stopping
after 200 non-improving rounds.

* LightGBM:  #gtimators = 5000, LR =0.03,
early_stopping_rounds = 200 on the validation
set.

e MLP: hidden {256, 128, 64}, dropout 0.2-0.3,

Adam 1073, batch size 256, max 200 epochs, early
stopping (patience 20), LR decay.

Model selection is performed on the validation split
using the evaluation metric of Section 4; the best
checkpoint is evaluated once on the held-out test
groups.

Seeds and software versions
able, we fix:

To make the runs repeat-

* random seeds:
scikit-learn=42,
xgboost=42;

python=42,
pytorch=42,

numpy=42,
lightgbm=42,

* main software versions (as used in Colab
at the time of writing): python 3.10, pandas
2.x, scikit-learn 1.4.x, xgboost 2.x, light-
gbm 4.x, torch 2.x.

The notebook records these into a small run_info. json
along with the train/val/test packet counts.

Ablations. We quantify feature importance and robust-
ness with controlled toggles:

e Al -TxPower: drop txpower_dbm.
* A2 -ToA: drop toa_ms.

* A3 -freq: drop freq_hz.

2 EA
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Table 5. Model zoo and main hyperparameters
(val-tuned where noted).

Model Key Settings / Notes

k-NN ke{l,3,5,7,9, 15); Euclidean on
standardized features

Random Hestimators € 1200, 400, 600, 800};

Forest depth € {None, 10, 20}

XGBoost 2000 trees; LR 0.03; depth 8; early
stopping 200 rounds

LightGBM 5000 trees (max); LR 0.03;
early_stopping_rounds=200

MLP (ours) 256-128-64, RelLU, dropout 0.2-0.3,

MAE, Adam 1073

* A4 -time: drop hour/day-of-week features.
* A5 +pathloss_db: add engineered pathloss_db.

* A6 +categoricals: add region/subband/device
family (if permitted by the split).

* A7 Group vs Random: compare group-aware vs.
naive random split.

These are motivated by the observation that fre-
quency/SF/ADR and temporal context can materially
affect fingerprint separability [4, 5, 33, 34].

Compute Experiments run on Google Colab (CPU
for tree methods; optional T4 GPU for the MLP).
Typical runs use batch size 256 and up to 200
epochs with early stopping; tree models rely on early-
stopped boosting and parallel CPU training. End-
to-end notebooks save per-model error vectors and
CDFs for later plotting. Table 5 summarizes the main
models and hyperparameter settings considered in the
experiments.

6. Results and Discussion

This section reports the localization performance
obtained from the four candidate regressors trained
on the preprocessed LoRa/LPWAN dataset described
in Section 3. As argued earlier, we adopt a group-
aware train/validation/test split (by DeviceID and
thus without identity leakage) and we report not
only central metrics (mean/median) but also tail
quantiles (p90/p95), which are critical for LPWAN/IoT
deployments where occasional large errors may break
the application-level service.

We compare four models that are representative of
the families discussed in Section 5: (i) a classical
instance-based k-NN fingerprinting model (KNN),
(i) a Random Forest regressor (RF), (iii) a boosted
tree model based on LightGBM and (iv) a higher-
capacity boosted ensemble (XGBoost). All models
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were fed the same standardized/tabular feature space
(RSSI, SNR, Tx power, ToA, PHY categoricals) and
hyperparameters were selected on the validation split.
The test results below therefore reflect differences due
to model capacity and inductive bias rather than to data
preprocessing.

6.1. Overall Error Behaviour

Figure 2 shows the empirical CDF of the localization
error for all four models on the held-out test groups.
This plot is the most faithful view of user-perceived
performance because it directly answers the question:
“what fraction of packets can I localize below t
meters?”. Two observations stand out:

* RF dominates over most of the support. The
Random Forest curve is consistently to the left
of the others, indicating that for any reasonable
target accuracy (e.g., 2-10 m) RF localizes a
larger fraction of samples than the other models.
This confirms prior indoor/RF reports that
tree ensembles are very competitive on tabular
RSSI/SNR data.

* KNN has a good head but a bad tail. The KNN
curve rises quickly at very small errors (many
packets are almost perfectly reconstructed),
but the curve flattens much earlier than
RF/LightGBM: a non-negligible fraction of
samples falls in a heavy tail. This is typical of
fingerprinting when the test group contains
conditions not well represented in the training
radio map.

LightGBM sits between RF and KNN: it does not match
RF in the very low-error regime, but it maintains
better tail behaviour than KNN. XGBoost, in contrast, is
consistently the rightmost curve, which means that in
this particular dataset and split it tended to overpredict
or to generalize less well across device groups.

Fig.2 shows that Random Forest achieves the tightest
distribution, followed by LightGBM. KNN shows a
favorable median but a very heavy tail, while XGBoost
remains the least accurate.

6.2. Central vs. Tail Metrics

While CDFs give a global picture, implementers often
need a small set of scalar metrics. Figure 3 therefore
summarizes, for each model, the median error (p50)
and the tail error (p95). This figure makes explicit why
we insisted in Section 4 on reporting quantiles instead
of a single mean value.

First, both RF and LightGBM keep the p95in a
relatively low range (sub—~12 m for LightGBM; below 1
m for RF in this run), which is precisely what a network
operator would expect from a “robust”
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Figure 2. Empirical CDF of localization error for the
four models (group-aware split).

localization method: even the bad cases do not
explode. Second, KNN illustrates a well-known pitfall:
it achieves a very low median (i.e., most easy packets
are well localized), but its p95 is an order of magnitude
higher than that of RF. In other words, KNN is attractive
when the environment is dense and similar to the
training fingerprints, but it is unsafe in heterogeneous
or group-disjoint evaluations such as the one we used.
Finally, XGBoost’s bar pair is the highest, confirming the
CDF ranking.

This median-p95 view strongly supports the use
of tree-based models as practical baselines for
LoRa/LPWAN localization: they are simple to train,
fast to infer, and—unlike KNN—do not deteriorate
sharply on unseen devices.

187.23
lBMedian (p50)
150 - ] p95
g
5 100 - 80.21
- 501 41.7
0 0 093 258 1%°
0 I I I I
o a0 m\;otest U%\\tGBM Xc,BoOS‘
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Figure 3. Median (p50) and tail (p95) localization
errors.

6.3. Dispersion and Robustness

To further highlight the dispersion of errors, Figure 4
plots the error distributions as boxplots (with outliers
hidden for clarity). This view complements the CDF
in two ways. First, it shows that RF produces a very
compact interquartile range (IQR), meaning that most
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test packets cluster in a narrow error band. LightGBM
has a slightly wider IQR but remains clearly preferable
to KNN. Second, the much taller box for KNN (and the
need to hide outliers) is a graphical confirmation of the
“heavy-tailed” nature of instance-based fingerprinting
under group-aware splits: a few hard samples can be
arbitrarily far from their neighbors in feature space,
which directly translates into large spatial errors. Such
dispersion plots are important in the LPWAN
context because radio conditions are inherently non-
stationary (shadowing, ADR, different end devices). A
model that looks excellent on average but has a wide
or erratic spread may still be unsuitable for an IoT
application that requires a bounded positioning error
to trigger actuations or to filter packets by location.

E g0l
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5 60

§

S 40 S

3

s 201

3 0 C | | |

XGBoost LightGBM  KNN RandomForest

Figure 4. Distribution of localization errors per model

(outliers hidden for clarity)

6.4. Interpretation w.r.t. Research Questions

The empirical findings above allow us to revisit the
research questions formulated in the introduction.

RQ1 (tabular baselines vs. strong baselines) Even
without resorting to deep neural networks, a well-
tuned Random Forest outperformed KNN and the
two boosted models on this dataset. This shows that
“compact” or tabular-friendly models can indeed serve
as strong, reproducible baselines for LoRa localization,
validating our claim that practitioners should not skip
them.

RQ2 (importance of features and noise handling)
The fact that KNN’s median is good but its tail is
poor is consistent with the dataset’s heterogeneity:
small variations in RSSI/SNR or in PHY fields can
push test samples away from their true neighbors.
This indirectly confirms the need for the cleaning and
feature-engineering steps of Section 3 and for adding
collision/noise indicators when available.

RQ3 (generalization across devices/regions) The
strong gap between KNN and the tree-based models
in the p95 region suggests that the group-aware split
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is doing its job—i.e., the test devices are genuinely
“new” to the learner. Models that rely less on exact
fingerprint similarity (RF, LightGBM) generalize better
in this setting.

6.5. Limitations and Threats to Validity

The conclusions of this work are subject to several
limitations:

* Simulation bias. The dataset comes from a
controlled ns-3 simulation with a single gateway,
specific channel model and capture rule. Real
LoRaWAN deployments can introduce additional
hardware heterogeneity, outdoor/indoor clutter
and gateway synchronization issues.

* Incremental novelty. This study does not claim
a fundamentally new localization algorithm;
instead it contributes a more rigorous and
reproducible evaluation protocol for established
fingerprinting methods.

* Feature dependence. The approach relies on
RSSI/SNR/ToA and related PHY metadata. It may
need adaptation for datasets where these fields are
noisy, missing, or recorded differently.

* Gateway-side inference. The current scenario
assumes gateway-side localization and does not
address the resource constraints of LoRa end
devices.

* Single-gateway scenario. The one-gateway setup
limits direct conclusions about multi-gateway or
TDoA-enabled LoRa networks.

7. Conclusion

This paper has presented a practical, reproducible
pipeline for LPWAN (LoRa/LoRaWAN) localization
based solely on PHY-level indicators (RSSI, SNR, ToA,
SF/BW) exported from an ns-3 simulation. It does not
introduce a fundamentally new localization algorithm;
instead, it focuses on methodological rigor, fair compar-
ison and leakage-aware evaluation of established fin-
gerprinting methods. In contrast to geometric or heav-
ily infrastructure-dependent approaches, we targeted
fingerprinting-style regression with lightweight models
that can be trained and deployed at the gateway/edge.
A key aspect of the work is the use of group-aware
data splits (by DevicelID and context) and the sys-
tematic reporting of median and tail errors (p90/p95),
which better reflect the non-stationary and heavy-tailed
nature of LPWAN channels than a single average value.
The experimental results show that transparent,
tabular-friendly models—in particular Random Forests
and, to a slightly lesser extent, LightGBM—provide
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the most reliable localization on the held-out device
groups. They achieve tight error CDFs and low p95,
whereas instance-based k-NN fingerprinting, although
often attractive in terms of median error, exhibits a
much heavier tail under realistic evaluation. Boosted
models configured here (XGBoost) did not surpass the
simpler ensemble, which confirms that in this setting
model choice and evaluation protocol matter more than
sheer model complexity. These findings support the
claim that strong non-DL baselines should accompany
any future LPWAN localization study, especially when
cross-device generalization is required.

Several directions follow naturally from this work.
First, applying the same pipeline to real LoRaWAN
traces (with hardware bias, missing receptions, ADR
dynamics and multi-gateway diversity) will help
quantify the sim-to-real gap and guide data-cleaning
rules. Second, extending the feature set with gateway
geometry, map/context layers (walls, floor), or channel-
aware augmentation could further reduce tail errors.
Third, lightweight neural models (small MLPs or
attention over gateway observations) can now be
compared fairly against the strong tree baselines
established here. Finally, releasing the dataset schema,
preprocessing scripts and Colab notebooks alongside
the paper would facilitate reproducible comparisons
within the community and support future 5G/NTN-
oriented work where LPWAN-like constraints still

apply.
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