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Abstract

Path loss modeling is essential for the design, analysis, and applications (e.g., localization)
of low-power wide-area networks (LPWANs). Conventional models typically rely on
coarse regional land cover classifications (e.g., urban or suburban), which fail to capture
the direction-dependent path loss variations of long-range LPWAN links that traverse
heterogeneous environments. Although per-link modeling and geographical clustering
have individually shown promise in addressing these limitations, their combined potential
remains unexplored. This paper presents GeoSeg, a path loss modeling approach that
integrates per-link modeling with geographical clustering. GeoSeg represents the propa-
gation environment between each transmitter-receiver pair as a variable-length sequence
that encodes both land cover types and their spatial arrangement and employs a hidden
Markov model (HMM)-based clustering method to group these sequences into subregions.
A per-subregion path loss exponent is then estimated for each identified subregion, en-
abling spatially adaptive path loss estimation. Evaluated using an open-access LoRaWAN
dataset, the preliminary results demonstrate median MAE reductions of up to 96% across
the evaluated clusters compared with the standard log-distance path loss model. These
results suggest that integrating per-link environmental characterization with geograph-
ical clustering can potentially improve path loss estimation accuracy in heterogeneous
LPWAN deployments.

Keywords: LPWAN; path loss modeling; log-distance path loss model; LoRa; hidden
Markov model; sequence clustering

1. Introduction

IoT applications such as those in smart cities, precision agriculture, and environmental
monitoring require technologies capable of long-range data transmission with minimal
power consumption. Common wireless technologies such as ZigBee and Bluetooth are
unsuitable for long-distance communication because of their limited range. While conven-
tional cellular systems were historically considered unsuitable for energy-constrained IoT
devices due to high power consumption [1], modern cellular networks have introduced
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massive Machine-Type Communication (mMTC) capabilities under the IMT-2020 frame-
work, explicitly targeting connectivity density and energy efficiency for IoT applications,
with an increasing number of connected devices expected with Beyond 5G (B5G) and 6G
networks [2]. Nonetheless, LPWAN technologies continue to offer distinct advantages
for applications requiring long-range connectivity combined with multi-year battery life,
particularly in scenarios where cellular-based IoT deployment is economically unviable or
limited by sparse cellular infrastructure.

Among the available LPWAN technologies—including Sigfox, NB-IoT, and LTE-M—
long range (LoRa) has gained particular prominence in both research and industry [3]. LoRa
is a proprietary chirp spread spectrum (CSS) modulation technology developed by Semtech
that operates in the unlicensed sub-GHz industrial, scientific, and medical (ISM) bands [4].
Built on top of LoRa’s physical layer, the long-range wide-area network (LoRaWAN) is an
open media access control (MAC) layer protocol and network architecture standardized by
the LoRa Alliance [5]. In a typical LoORaWAN deployment, end devices transmit data to
one or more gateways, which forward received packets to a network server for processing.

As of 2023, The Things Industries, a LoRa-based LPWAN IoT solutions provider,
has reached 1 million devices connected to their network server infrastructure [6]. These
millions of devices enable numerous applications that require or benefit from accurate path
loss modeling. As a key component of wireless system design, path loss modeling enables
coverage prediction and network planning. Since factors affecting path loss, like multipath
fading and shadowing, are directly influenced by the propagation environment, land cover
information becomes indispensable for accurate path loss estimation.

Although most propagation models used in LPWAN studies incorporate land cover
information, they typically provide only a general description of the overall propagation
area (e.g., Okumura—-Hata or log-distance path loss model). Many LPWAN studies use
regional modeling for path loss estimation [7-11], which relies on coarse environmen-
tal classifications such as urban, suburban, or rural. In this approach, all radio links
within a region are modeled using the same path loss formula or propagation parame-
ters. For example, the path loss of links in a suburban area may be estimated using the
semi-urban variant of the Okumura-Hata model or the log-distance model with a path
loss exponent adjusted for suburban environments. However, this regional approach
produces an isotropic representation of gateway coverage, which is often incompatible
with LPWAN deployments in areas with heterogeneous land cover. In practice, such
heterogeneity introduces significant variability in path loss, depending on the direction
of propagation.

Recent studies addressed the challenge associated with regional modeling by using a
per-link approach to path loss estimation. For these studies, multi-spectral satellite images
and GIS technology were used to create land cover classification maps. With granular
propagation environment information, these studies then employed either of two methods:
(1) creating a per-link variant of an existing propagation model [12,13] or (2) incorporating
per-link data for a neural network-based path loss estimation [14].

Geographical clustering is another approach that addresses the issues related to re-
gional models in diverse propagation environments. This approach partitions the prop-
agation area into distinct subregions using unsupervised machine learning, with each
subregion assumed to exhibit unique propagation characteristics. Per-subregion models
are then developed to capture these variations.

One widely used propagation model in LPWAN studies is the log-distance path loss
model. It is an empirical analytical model that offers an environment-specific parameter:
the path loss exponent (7). Calibrating the log-distance path loss model primarily involves
determining #. Once 7 is known, the total path loss (PL) of a transmission at a distance (d)
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can be calculated using Equation (1). Here, PL( represents the measured path loss at the
reference distance dp, and X, ~ N(0,0?) denotes the shadowing component modeled as a

zero-mean Gaussian random variable with variance ¢2:

PL = PLy + 105 log(d/do) + X, (1)

This study introduces GeoSeg, a variant of the log-distance path loss model that
integrates per-link modeling with geographical clustering. This proposed method was
developed using an open-access LoRaWAN dataset [15]. To evaluate the performance of
our proposed method, its path loss estimation accuracy was compared to the standard
log-distance path loss model.

The succeeding sections of this paper are organized as follows. Section 2 presents a
review of related works, surveying the existing literature relevant to the study. Section 3
details the methodology, describing the proposed approach and its theoretical foundations.
Section 4 covers data exploration and preprocessing, outlining the dataset characteristics
and the preparation steps applied prior to model training. Section 5 presents the results and
discussion, where the experimental findings are analyzed and interpreted. Finally, Section 6
concludes the paper, summarizing the key contributions and suggesting directions for
future work.

2. Review of Related Works

Accurate path loss estimation in LPWANSs has motivated a range of modeling ap-
proaches that incorporate environmental information at varying levels of spatial granularity.
While early studies relied primarily on regional propagation models, more recent work
leverages geographic data such as satellite imagery and land cover maps to better capture
environmental heterogeneity. These approaches differ in how environmental features
are extracted and integrated into propagation models. This section reviews related stud-
ies with an emphasis on methods that utilize land cover information to improve path
loss estimation in diverse propagation environments, particularly per-link modeling and
geographical clustering.

2.1. Per-Link Path Loss Estimation

A number of studies have explored per-link approaches for LoRa-based LPWAN
path loss estimation by incorporating environmental information specific to each radio
link. Using land cover data derived from satellite imagery and GIS tools, these methods
characterize the propagation environment along individual links to improve modeling
accuracy [12-14].

2.1.1. Per-Link Variant of Okumura-Hata

One LoRa-based study developed per-link variants of the Okumura-Hata model [12].
Using satellite imagery, the dominant land cover type along each radio link is iden-
tified and used to determine the corresponding built-environment category. As a re-
sult, individual radio links can be classified as urban, semi-urban, or open space, de-
pending on the dominant land cover along the link path. The appropriate Okumura-
Hata formulation is then applied to estimate the path loss of each link [12]. The study
showed that regional models, such as the free-space path loss model and the Bor model
(a calibrated log-distance path loss model), are incompatible with diverse propaga-
tion environments, as they tend to produce overly optimistic or overly conservative
estimates [12].
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It is important to note that the Okumura—Hata model is assumed to be valid for
frequencies between 150 MHz and 1500 MHz, base station antenna heights between 30 m
and 200 m, mobile antenna heights between 1 m and 10 m, and link distances between
1 km and 20 km [16]. Most LPWAN technologies, e.g., LoRa, fall within the valid frequency
range [17]. Hence, the appropriateness of using the Okumura-Hata model depends mainly
on the physical deployment parameters of the base station and target nodes. Existing
datasets that do not satisfy these validity ranges or do not provide the necessary system
parameter information (e.g., base station antenna height and mobile antenna height) would
be incompatible for evaluating the performance of the Okumura-Hata model.

2.1.2. Segmented Log-Distance Path Loss Model

Another study, SateLoc, computed the total link path loss by segmenting radio links
based on land cover type and applying the log-distance model sequentially per segment,
with path loss exponents calibrated from 1250 RSS field measurements across five land
cover types. However, this method has two key limitations. First, representing links as
single-pixel lines fails to capture attenuation from the surrounding environment, making
estimates sensitive to land cover misclassifications [14]. Second, its calibration requirement
that both the gateway and transmitter be located within the same land cover region [13]
may limit applicability in existing deployments or datasets.

2.1.3. Neural Network-Based Modeling with 2D Radio Link

DeepLoRa, unlike SateLoc, used a 2D region (i.e., rectangular area) instead of a line
to represent a radio link. This approach captures the signal attenuation caused by the
surrounding land covers [14]. DeepLoRa used a bidirectional long short-term memory
neural network to develop the path loss database. A large-scale measurement campaign
was performed to obtain the dataset for the neural network (over 30,000 records in a span
of three months). The comparison of the results of these studies, when applied in the same
location, is shown in Table 1 [14]. Among these studies, DeepLoRa was most accurate, with
a 3.56 dB mean path loss estimation error.

Table 1. Comparison of studies that used per-link approach for path loss estimation in LoRa.

Method Mean Path Loss Error [dB] Standard Deviation [dB]
per-link Okumura-Hata [12] 8.88 8.58

SateLoc [13] 15.61 12.90

DeepLoRa [14] 3.56 3.17

2.2. Geographical Clustering-Based Path Loss Modeling

Geographical clustering is another approach that addresses the limitations of regional
models in diverse propagation environments. This method divides the propagation area
into subregions using unsupervised machine learning, where each subregion is assumed
to have distinct propagation characteristics, enabling the development of per-subregion
propagation models. In an LTE network, it has been demonstrated that a site-specific
geographical clustering approach can enhance path loss estimation accuracy by employing
k-means clustering for subregion identification and convolutional neural networks for
per-subregion modeling [18]. Notably, geographical clustering has yet to be applied in
LPWAN propagation modeling studies.

Feature Development

A key design consideration in geographical clustering is how the link region is rep-
resented in the feature space. Fixed-size rectangular regions rotated along the Tx-Rx
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direction [19,20] do not cover the full link extent between the node and the base station.
DeepLoRa improves on this by representing the full link as a rectangular area composed of
sequential micro-links, each embedded as a vector of land cover proportions [14]. How-
ever, this embedding captures only the composition of land covers within each micro-link,
without accounting for their spatial arrangement relative to the line of sight.

2.3. Research Gaps and Motivation

Across these studies, a clear progression is evident: from regional models that apply
uniform parameters across the entire propagation area to per-link methods that account
for land cover conditions along individual links and geographical clustering approaches
that enable localized modeling through subregion partitioning. Despite these advances,
no existing study has combined per-link modeling and geographical clustering for LoRa
path loss estimation, and existing link region representations do not fully capture the
2D spatial arrangement of land covers relative to the propagation path. This work ad-
dresses these gaps by proposing a log-distance path loss model that integrates per-link
environmental characterization with geographical clustering, underpinned by a link region
representation that captures the 2D spatial distribution of land covers along the propagation
path, enabling spatially adaptive path loss estimation for LoRa networks in diverse land
cover environments.

3. Methodology

The development of GeoSeg comprised three main processes: land cover classifica-
tion, geographical clustering, and model calibration. Figure 1 shows the path loss model
development process. Multi-spectral satellite imagery and GIS data were employed for
land cover classification. For geographical clustering, this study developed an embed-
ding method—which generated features from each radio link’s propagation region—and
utilized a hidden Markov model-based clustering approach. Finally, model calibration
involved taking field measurements and using these to determine the path loss exponent
for each subregion. The succeeding three sections—Sections 3.1-3.3—discuss each of these
processes in detail.

Land cover classification

Land cover
classification
dataset

Land cover
classification

Satellite image

Geographical clustering

Subregions Clustering Embedding [*——

Model calibration

Estimate

Field
measurement 7’] Path loss model
per subregion

Figure 1. Path loss model development process using the proposed method.
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3.1. Land Cover Classification

The area of study was located in Antwerp, Belgium, where the dataset [15] for the
path loss model calibration was collected. It was a 4.2 km x 2.6 km region bounded by
the lower-left and upper-right coordinates 51.192966° N, 4.388045° E and 51.231055° N,
4.425235° E, respectively. The identification process of the area of study is detailed in
Section 3.3.1.

The area comprised five main land cover types: buildings, trees, open fields, roads,
and water. The multi-spectral image was obtained from the Copernicus Sentinel-2 database
and filtered for the period from 1 January 2019 to 31 December 2019. The spectral bands
used for the classification were B2 (blue, 490 nm), B3 (green, 560 nm), B4 (red, 665 nm),
B5 (vegetation red edge, 704 nm), B6 (vegetation red edge, 740 nm), B7 (vegetation red
edge, 783 nm), and B8 (near-infrared, 832 nm). Additionally, the normalized difference
vegetation index (NDVI) was derived from the near-infrared and red bands (i.e., B8 and B4,
respectively).

Google Earth Engine (GEE) was used for land cover classification. Training and
validation cells were manually labeled, with the following distribution: 552 buildings,
513 trees, 504 fields, 517 roads, and 520 water, totaling 2606 data points. Of these, 80% of
the dataset was used for training, and the remaining 20% was reserved for validation. GEE
offers four built-in classifiers: random forest, naive Bayes, CART, and SVMs. Among these,
the random forest classifier achieved the highest overall classification accuracy of 83% for
this study’s dataset. The confusion matrix for the validation dataset is shown in Figure 2,
and Table 2 shows the classification performance metrics.

Confusion Matrix

- 0
Building (0.0%) 08
0
Tree - (0.0%) e
[E 0
2 Feld! o,
L i -0.4
20 1
Road(18.9%) | (0.9%) | (2.8%)
0.2
3 1 1
Water (3 506) | (1.2%) | (1.2%)
' ' g -0.0
(s3 (s3 X
.S‘}Qq ’\‘e'z Q\e ng \Y\’&'z
F
Predicted
Figure 2. Land cover classification confusion matrix.
Table 2. Precision, recall, and F1 score per class.
Class Precision Recall F1 Score
Building 0.7440 0.7748 0.7591
Tree 0.8824 0.8208 0.8505
Field 0.8471 0.8780 0.8622
Road 0.7193 0.7736 0.7455
Water 1.0000 0.9419 0.9701
Macro Avg 0.8386 0.8378 0.8375
Weighted Avg 0.8364 0.8354 0.8354
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The resulting land cover classification map had a resolution of 10 m x 10 m, matching
the cell resolution of the multi-spectral image. Figure 3 is the visualization of the land cover
classification. The field, road, and water classes were collectively labeled as open.

Classification
51.2301 e exie
e building
51.225 g rad
51.220 1
L 51.2151
>
o
-:_6'51.210-
-
51.205
51.200
51.195

4.390 4.395 4.400 4.405 4.410 4.415 4.420 4.425
Longitude

Figure 3. Land cover classification of the study area.

3.2. Geographical Clustering

Every cell in the land cover classification map was assigned to a cluster. This as-
signment involved two main steps: (1) embedding the land cover information of the 2D
propagation region between the cell and the gateway and (2) performing clustering. In this
study, the gateway was located at 51.197458° N, 4.406731° E. The identification and details
of this gateway are discussed in Section 3.3.1.

3.2.1. Embedding

The proposed methodology transforms the two-dimensional propagation region be-
tween a cell and the gateway into a feature vector suitable for clustering analysis. The region,
characterized by a width w and length #, is converted into a vector v € R*" through an em-
bedding process that captures the following characteristics of the propagation environment:
land cover types and their positions relative to the line-of-sight (LoS) path.

Each cell (i, j) within the propagation region is assigned a value wj; that quantifies its
impact on signal propagation, which is calculated as follows:

wij = Ajj X Cjj 2)

where A;; represents the position-dependent weight and c;; denotes the land cover classifi-
cation. The land cover types are numerically encoded as follows:

0 (open space: fields, roads, water)
cij =41 (trees) 3)
2 (buildings)

The positional weight A;; is determined by the cell’s distance from the central LoS
path, located at column j = |w/2].
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The propagation region width w = 7 used throughout this study was initially adapted
from [14], which employed the same 2D spatial representation. To validate this choice,
a grid search over w € {5,7,9,11} was conducted, with clustering quality evaluated
using the Davies—Bouldin index. The evaluation was conducted on a small portion of the
study area around the gateway, following the clustering process (Steps 1-5) described in
Section 3.2.2. As shown in Figure 4, w = 7 yielded the largest marginal reduction, making
it a reasonable choice. With a width w = 7, the LoS lies at j = 3. The weights decrease
symmetrically with distance from the LoS:

=12 +1--13)

yielding discrete values of Aij € {1,2,3,4}, as shown in

1, j=06
2, ;=15

Aij = 3 ],_ (5)
, ]=2,4
4, j=3

DBI vs. Propagation Region Width Parameter

30
25
20
15

10

5 P ——

L 4 g

Davies-Bouldin Index (DBI)

5 7 9 11
Propagation Region Width (w)

Figure 4. Davies-Bouldin indices at various propagation widths w, showing w = 7 having the largest

marginal improvement.

Using Equation (2), the resulting wj; values for different land cover types and positions
are shown in Equation (6). Note that at c = 0, w is always 0 because it is assumed that open
spaces do not obstruct the signal:

{0}, c=0
wij € 141,234}, c=1 (6)
{2,4,6,8}, c=2

The final feature vector v is created by flattening the n x w matrix of wj; values using
vlk] = wj; where k=w-i+j (7)

fori€ {0,...,n—1}andj € {0,...,w — 1}. These feature vectors serve as inputs for the
clustering algorithm, preserving both the land cover information and its spatial context
relative to the propagation path. Figure 5 shows a sample embedding process to create the
feature vector of the propagation region between the gateway (GW) and a cell X.
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Figure 5. Embedding process visualization: (a) propagation region between gateway (GW) and cell
X, (b) raw land cover data, (c) weighted cells (w;; values), and (d) flattened feature vector v.

3.2.2. Clustering

Due to the variable lengths of propagation regions, the corresponding feature vectors
produced by the embedding process exhibited differing dimensionalities. This necessitated
the use of a clustering method capable of handling variable-length inputs, which is a com-
mon challenge in sequential data analysis [21]. Distance-based clustering methods compute
pairwise dissimilarities between sequences to construct a distance matrix, from which
clustering algorithms can be applied [22]. Among the most widely used dissimilarity
measures for variable-length sequence clustering are dynamic time warping, edit distance
(Levenshtein distance), and longest common subsequence [23]. However, these methods
have inherent quadratic time and space complexity in sequence length, i.e., O(T; x Ty) per
pairwise computation [24-26]; they additionally require O(N?) computations to construct
the full distance matrix for N sequences, rendering them computationally expensive at scale.
An alternative for handling large datasets is feature-based methods [22]. These methods
map variable-length sequences into fixed-size vectors prior to clustering. Among these are
deep learning-based approaches, such as autoencoder-based clustering, which use a neural
network encoder to transform variable-length sequences into fixed-length representations
and then apply a standard clustering algorithm to these representations [27]. However,
this approach introduces significant architectural complexity and hyperparameter tuning
requirements, such as the dimension of the fixed-length representation, the number of
layers, and the number of neurons, which may require trial and error or grid searching to
find optimal values [28].

This study employs a model-based approach, specifically a hidden Markov model
(HMM)-based clustering method [29] which was modified to reduce computational burden
for large datasets. This modification addresses the scalability limitation of distance-based
methods while avoiding the architectural complexity of deep learning-based approaches.
To illustrate this method, consider a dataset D with N sequences {Xj,..., Xy} of emis-
sions (observed states) with varying lengths. The following steps describe the modified
clustering procedure:
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Step1l. Randomly sample n sequences from the dataset D to create a reduced-sized
dataset d of a size n.

Step 2.  Fitan HMM m; for each sequence x; € d,1 <i < n.

Step 3. For each fitted model m; and sequence x;, evaluate the log-likelihood L(x;|m;),
1 < i,j < n. The log-likelihoods are used to define pairwise distances of se-
quences x; and x; [29].

Step4. Create a distance matrix A. The elements a;; of A are equal to 3 (L(x;|m;) +
L(xm;)).

Step 5.  Apply a hierarchical clustering algorithm to generate K clusters from the distance
matrix A.

Step 6.  Having clustered the sequences into K groups, fit K HMMs {M;, ..., Mg}, with
one for each cluster.

Step 7.  For each sequence X; € D, assign its cluster k € {1,2,..,K} by solving k =
argmax L(X;|My).

My

With n < N, the distance matrix A in Step 4 is n X n rather than the N x N matrix
required by direct distance-based clustering, reducing matrix construction from O(N?) to
O(n?) and substantially lowering both the memory and computational cost.

Having established the clustering procedure, the remaining implementation details
concern the configuration of the HMM itself. In this study, the number of observed
states was set to seven, corresponding to the seven discrete values of w described in
Section 3.2.1. The number of hidden states was set to three based on domain knowledge
of the propagation environment. Since the propagation environment consisted of three
distinct land cover types, a three-state HMM was deemed a reasonable model complexity
for capturing the underlying structure of the sequences. A more rigorous selection of
the optimal number of hidden states is left for future work. Finally, to fit an HMM to a
sequence of observed states, this study utilized the hmmlearn Python 3.9 package [30],
with its emission model set to Categorical with randomly initialized model parameters,
and the Baum-Welch algorithm for model training.

Identifying the Optimal Number of Clusters

The Davies-Bouldin score was used to determine the optimal number of clusters. This
score is calculated as the average similarity of each cluster with its most similar cluster,
where similarity is defined as the ratio of intra-cluster distances to inter-cluster distances.
Consequently, well-separated (farther apart) and compact (less dispersed) clusters yield
better scores. Lower values indicate better clustering, and the minimum score is zero.

To identify the optimal K, Steps 1-5 of Section 3.2.2 were repeated for different
values of K, and the corresponding Davies-Bouldin score was recorded. The built-in
davies_bouldin_score implementation of Python’s Scikit Learn package was used for
this. Figure 6 displays the scores for K € {2,3,...,10}, indicating that the optimal number
of clusters was four (K = 4).

Interpretation of the Clusters

The visualization of the clusters is shown in Figure 7. To interpret the clustering
results, two observable parameters were used. The first was the land cover distribution of
the propagation regions within each cluster , which captures the aggregated proportions
of land cover types—namely buildings, trees, and open space—across all propagation
regions assigned to a given cluster. This metric reflects the dominant environmental
composition characterizing the propagation regions in each cluster. The second parameter
was the probability distribution of the land covers by distance from the line of sight, which
indicates how the presence of each land cover type changes with increasing perpendicular
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distance from the line of sight. These parameters could provide a characterization of the
spatial and environmental features associated with each cluster.

Davis-Bouldin Index for Hierarchical Clustering

0.751

0.701

0.65 1

Davis-Bouldin Index (lower is better)

0.60 1

vf‘\ -——— Optimal M = 4

2 3 4 5 6 7 8 9 10
Number of clusters

Figure 6. Davies-Bouldin indices at various number of clusters, showing K = 4 as optimal.

Clustered Devices and Gateway Location

Clusters
51.230 0
1
51.225 ;
51.220+
o 51.2154
o
2
=
® 51.210
51.205
51.200
51.195 ’ “
LA W S 4 Gateway

4390 4395 4400 4.405 4410 4415 4.420 4.425
Longitude

Figure 7. Visualization of the clusters at K = 4.
Figure 8 illustrates the distribution of the land cover types, namely buildings, trees,
and open space, across the propagation regions represented in the clusters. Overall, open

space constituted a large portion of the land cover, while buildings and trees contributed
varying shares, depending on the environment. In certain cases, the distribution was rela-
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tively balanced, with buildings, trees, and open space occupying comparable proportions
(e.g., Cluster 2). In other regions, a particular land cover type became more dominant, such
as higher tree presence (e.g., Cluster 4: 35.5%) or extensive open areas (around 47-54%,
Clusters 1 and 3), highlighting the diversity of propagation environments captured by the
clustering process.

Land Cover Distribution by Cluster

I Building
e Tree
BN Open Space

~
[= T =]
. L

54.2%

o
L

o
L

Percentage (%)
N W R U O
o o

=
o O
L

Cluster 1 Cluster 2 Cluster 3 Cluster 4
Cluster

Figure 8. Land cover distribution (%) for each cluster.

On the other hand, the spatial arrangement of land cover types relative to the line of
sight did not differ significantly across the clusters. The line of sight corresponded to d = 0,
and given a total width of w = 7, the maximum perpendicular distance from the line of
sight was d = 3 cells in either direction. Table 3 presents the probability distributions of
each land cover type at varying distances from the line of sight for each cluster.

Table 3. Probability distributions by distance d from the line of sight for each cluster.

Cluster Land i=3 d=2 d=1 d=0 d=1 d=2 d=3
Cover

Building  0.141 0.140 0141 0.143 0.145 0.144 0146

1 Tree 0.144 0.143 0.142 0.142 0.142 0.143 0.143

Open 0.143 0.144 0.144 0.143 0.142 0.142 0.141

Building  0.137 0142 0.144 0.146 0.148 0.145 0138

2 Tree 0.155 0.148 0.138 0.133 0.134 0.141 0.150

Open 0.138 0.140 0.145 0.148 0.145 0.142 0.141

Building  0.144 0.143 0143 0.143 0.143 0142 0142

3 Tree 0.145 0.144 0.143 0.141 0.142 0.142 0.144

Open 0.141 0.142 0.143 0.143 0.143 0.144 0.143

Building  0.144 0.149 0.146 0.142 0.139 0.140 0.140

4 Tree 0.142 0.141 0.144 0.145 0.145 0.143 0.140

Open 0.143 0.141 0.140 0.141 0.144 0.145 0.147

These distributions suggest that the clusters were not characterized by systematic
differences in how land cover types were positioned relative to the line of sight. For example,
buildings or trees were not consistently located closer to or farther from the line of sight
in one cluster compared with another. Instead, the primary distinguishing feature among
clusters appears to be the overall proportions of each land cover type within the propagation
regions, as reflected in the land cover composition of each cluster.

To summarize, geographical clustering consists of two main steps: embedding and
clustering. In the embedding step, the 2D propagation regions between each cell in the
area of study and the gateway were transformed into feature vectors suitable for clustering.
These feature vectors were composed of weighted values that accounted for both the land
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cover types and their spatial positions within the propagation region. For the clustering
step, a hidden Markov model (HMM)-based method was employed, which is well suited
for handling large datasets with variable-length feature vectors. Notably, analysis of the
resulting clusters revealed that they were primarily distinguished by differences in land
cover composition, while the spatial distribution of land covers with respect to the line of
sight remained uniform across all clusters.

3.3. Model Calibration
3.3.1. Field Measurement

The calibration of GeoSeg requires field measurement. In this study, the field measure-
ment data were obtained from an open-access LoRaWAN dataset collected in an urban area
of Antwerp, Belgium [15]. This dataset was selected from other open-access LoRa-based
datasets [31-33] not only for its scale and land cover appropriateness of the deployment
area but, more importantly, because it provides geo-tagged transmissions and the exact
geographical coordinates of the gateways, both of which were indispensable for this study.
The most recent dataset version (v1.3, July 2019)—which includes the coordinates of the
LoRaWAN gateways—was used in this study. Each transmission originated from one of 23
IM880B-L radio modules installed on a vehicle in Antwerp’s postal service fleet [15]. Each
dataset entry contained GPS information (longitude, latitude, and HDOP) along with net-
work parameters such as the RSSI, spreading factor, time of arrival, and receiving gateway
IDs. The dataset was stored in JSON format, with Figure 9 illustrating a sample entry.

{
“adr": 1,
"hdop": 0.66,
"counter": 100086,
"longitude": 4.427051067352295,
“sfr 7,
"airtime": 0.112896,
"dev_addr": "07000EFF",
"gateways": [

"id": "@80605EE",

"rssi": -104,

"snr'': -3.25,

"rx_time": {

"ts_type": null,
"time": "2019-01-04T08:59:59.889+01:00"

},
"esp": -108.93247

}
1,
"latitude": 51.23550796508789,
"dev_eui": "343233386A377C18",
"payload": "00eb000329f14c4267aa8d40c3f528370400ca554105100439
4206ffa38e420f00cb0f470c4b93d9400d629b00410b719aa340",
"channel": 6

}

Figure 9. A sample data entry in the Antwerp dataset.

Gateway Selection and Area of Study

The Antwerp dataset comprises 39 active gateways and 130,430 transmissions.
Figure 10a shows the spatial distribution of the gateways and transmission locations. No-
tably, although the gateway locations cover a large geographic region, transmissions are
densely clustered in specific areas. This results in a non-uniform distribution of received
transmissions per gateway, with some gateways receiving fewer than five transmissions
and others exceeding 20,000.

To develop GeoSeg, a gateway was selected based on its activity level and its surround-
ing land cover diversity. Figure 10b shows the locations of the five most active gateways,
i.e., ones that had the highest receive transmission volume. For the land cover diversity,
a gateway with uniform distribution of land cover classes is desired. The selected gateway
(ID: FF01753E) was among the most active gateways and exhibited greater heterogeneity in
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its surrounding land covers, as shown by the relatively uniform distribution of land cover
classes in Figure 11. This gateway received 28,529 transmissions.
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Figure 10. (a) Spatial distribution of the active gateways and transmissions. (b) Most active gateways.
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Figure 11. Land cover frequency distribution of each most active gateway.

For this study, only the transmissions with a spreading factor of seven (SF7) were
included since they were the most numerous (see Figure 12b). Also, all transmissions with
HDOP > 5 (indicating low GPS accuracy) were removed from the dataset. This yielded a
refined dataset of 22,912 entries. Figure 12a illustrates the study area, showing the spatial
distribution of transmissions relative to the gateway location.

3.3.2. Estimating

The log-distance path loss model (Equation (1)) is an empirical analytical model widely
used in LoRa studies, offering an environment-specific parameter: the path loss exponent
(7). The calibration of the log-distance path loss model mainly requires determining the
value of 7. Since the radio link was assumed to travel through a uniform propagation
environment, only a single # needed to be estimated in Equation (1).

In GeoSeg, the radio link between the transmitter and receiver is modeled as a sequence
of segments, each corresponding to a distinct subregion. This segmented representation
requires a reformulation of the standard log-distance path loss model. A simple scenario
used to derive this formulation is depicted in Figure 13a, while Figure 13b illustrates the
resulting segments along the radio link between Ty and Ry. The succeeding parts of this
section describe the process of estimating the path loss exponent #, which was discussed in
a previous work [34].
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Figure 12. (a) Transmission locations and gateway located at coordinates 51.1974874° N and 4.406706° E.
(b) Number of received transmissions per spreading factor for selected gateway FF01753E.
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Figure 13. (a) Simple scenario where a radio link (propagation region) region traverses two subregions,

(b) Segments and parts of a radio link. Adapted from [34].

In the scenario illustrated in Figure 12, the radio link is divided into two segments,
each representing a distinct traversed subregion. The corresponding PLy is given by

d d
PLy =1014 log<£> -+ 107 log(ﬁ> (8)

To demonstrate a more complex scenario, Figure 14 presents a case with four segments

and repeating clusters. Consequently, PL, takes the form

PLy = 1014 10%(%) + 1075 log<d—j) +10774 10g<£) + 1073 1og<ﬁ) )
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By consolidating terms from identical clusters and introducing the distance ratio D.,
the expression becomes

PL, = 1014 log(Z;Zz) -+ 107 log<;ljji) 10)

= 10n4log(D4) + 1013 log(Dp)

PL

A
Y

PL[) PLx -

|‘.

‘ @ Cluster A Cluster B Cluster A Cluster B @ ’

Figure 14. A more complicated case where subregions are traversed multiple times. Adapted from [34].

The general expression for PL, with n segments and K clusters in C = {cy, ¢, ...,cx }
is given in Equation (11), with Dy, Dy, ..., D representing the distance ratio features as
defined in Equation (10):

d d d
PLy = 10#c¢ec 10g<d(1]> +107.cc 10g<di> + -+ 107cec log<d n1>
n—

= 107, log(Dy) + 107, log(Dy) + - - - 4 107, log(Dx)

(11)

Once the distance ratios have been determined, the estimation of the path loss exponent
for each subregion becomes readily achievable. Equation (11) can be cast as a linear
regression model y = X + €, in which € represents the residual vector and the distance
ratios Dy, D», ..., Dk are features added to the dataset. Considering a training dataset of a
size p, the vectors and matrix y, B, and X are given by

pLy e, 10log(D;") 10log(D;”) --- 10log(Dy)
. PL;?) g | |x - 101ogFD§2)) 1010ng§2)) 101°gFDI(<2)) (12)
PLQ” - 101og'(D§” ) 1010g.(D§p ) 1010%.(’31(5))
B _ (XTX) —lXTy (13)

The path loss exponent estimates (f) are then obtained via ordinary least squares
(Equation (13)). The resulting j values, each corresponding to the 7 of a subregion, are
subsequently substituted into Equation (11). Applying PL = PLg + PL, then yields
GeoSeg's path loss model for an area with K clusters:

K
PL = PLy+ Y 10B;log(D;), (14)
i=1

It is important to note that due to the segmented formulation of GeoSeg, as long as the
radio links between the gateway and transmitters pass through a subregion, the path loss
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exponent of the said subregion can be estimated. This removes the need to co-locate the
transmitter and gateway within the same subregion for path loss exponent calibration.

3.4. Summary of Methodology

GeoSeg’s development involves three main processes: land cover classification, ge-
ographical clustering, and model calibration. First, a multispectral satellite image of the
study area was used to generate a land cover map considering three types: trees, buildings,
and open spaces.

Next, an embedding process was applied to the land cover map to capture both the
types and spatial arrangement of land cover within the 2D propagation region between
each cell and the gateway. These embeddings were used as feature vectors for an HMM-
based clustering method. For this study area, the optimal number of clusters was found
to be four, with the clusters primarily differentiated by the frequency distribution of land
cover types rather than their spatial arrangement.

Finally, after identifying the clusters, the path loss exponent for each cluster must
be estimated. The following sections address model calibration (estimation of #) and the
performance evaluation of the proposed method: GeoSeg.

4. Data Exploration and Preprocessing

Prior to the actual performance evaluation of GeoSeg, several preparatory steps need to
be completed, namely determining the ground truth value, performing data preprocessing,
and conducting initial data exploration. In addition, further insights regarding the dataset
will be acquired during the validation stage.

4.1. Using PLy to Define Ground Truth

The ground truth for the total path loss is given by PL = P; — P,. While the received
power (P,) is explicitly provided in the dataset, the transmit power (P) is unavailable.
Methods such as the EM algorithm could estimate this latent parameter P;; however,
incorporating such an estimation would make the identification of PL part of the estimation
process itself. Consequently, direct establishment of ground-truth values for the total path
loss (PL) becomes infeasible, necessitating the use of an alternative parameter to define the
ground truth.

Referring to Figures 13b and 14, the total path loss is the sum of two path loss
components, PLy and PLy, where PL, represents the path loss from Prg to Pr. PLy can be
directly computed since P, is explicitly available in the dataset, and Pry is the received
power at the designated reference distance dy. Based on this, the study focuses exclusively
on estimating PLy, and the ground-truth value used for the validation process is given by

PLy = Pry— P, (15)

With PLy set as the ground truth, GeoSeg can be used to estimate PL,. Using
Equation (14), the path loss estimate is given by

K
PLy =) 10B;log(D;), (16)
i=1

4.2. Data Preprocessing

RSSI measurements are inherently noisy; consequently, data preprocessing was ap-
plied to mitigate noise effects. The filtered dataset was derived from the original dataset
through local averaging. Let X = {xi,xy,...,X, } be the original set of data points. For
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each data point x;, using the longitude and latitude information of each dataset entry, we
identify the set of neighbor data points N; whose elements are x; € X within a radius r:

Ni={x eX]lxj—xll <r} (17)

Data points with less than N neighbors were considered outliers and removed.

For data points with at least N neighbors, their RSSI values were updated by taking

the average of the RSSI values of all neighboring points, thereby generating a filtered
dataset X’ containing

/ 1

X = ——
R

There are two parameters that could be adjusted in this process: the radius r and

number of neighbors N. Grid searching was performed with 7 and N values of {10,30,50}
and {10,20, 30}, respectively. The mean absolute error (MAE) was used as a metric for
these comparisons. K-fold cross-validation (k = 30) was performed with the final MAE as
the average across all folds. The MAE of a dataset with a size S is computed as follows:

S .
MAE — % Z’Error(’) (19)
i=1

Error) = 1 — pr¥) 20)
Table 4 shows the mean absolute error (MAE) values for varying N and r values, with
r =10 and N = 30 resulting in the best MAE. Hence, these r and N values were used for

subsequent experiments.

Table 4. Performance metrics across different configurations of parameters r and N at K = 4.
The values represent comparative scores where lower numbers indicate better performance.

r N MAE (K = 4)
10 0.969
10 20 0.864
30 0.740
10 1.323
30 20 0.956
30 1.056
10 1.270
50 20 1.186
30 1.048

4.3. Preliminary Data Exploration

The filtering process further reduced the number of dataset entries to 17,256. Figure 15
shows the spatial distribution of data points after filtering. At this stage, each entry
(transmission) in the dataset has location and cluster information, the received power at
the gateway (Pr), distance ratios (D1, D, D3, Dy), and PLy, computed using Equation (15).
Table 5 shows the data structure.

It is worth examining the distribution of data points across the clusters. As shown in
Figure 16a, the number of data points was unevenly distributed among them. However,
as discussed in Section 3.3.2, model calibration (i.e., the training stage) does not require data
points to be located within the cluster being calibrated. As long as radio links pass through
a cluster, its path loss exponent can still be estimated. Therefore, in model calibration,
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the distribution of data points among clusters is not the primary concern. A more important
consideration is the number of radio links that pass through each cluster.
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Figure 15. Transmission locations after performing filtering process.

Table 5. Data structure for model calibration.

Latitude Longitude Cluster P, D4 D, Ds Dy PL,

From the derivation in Section 3.3.2, it can be discerned that a data entry with a
distance ratio Dy = 0 indicates that the radio link for that transmission did not cross cluster
k. Therefore, the number of radio links that passed through cluster k can be determined
by counting all data entries with non-zero values for Dy. Figure 16b shows the number of
radio links that passed through each cluster, indicating an almost uniform distribution.
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Figure 16. (a) Data point distribution per cluster and (b) number of radio links per cluster.

https://doi.org/10.3390 /network6030045


https://doi.org/10.3390/network6030045

Network 2026, 6, 45

20 of 25

5. Results and Discussion
5.1. Model Calibration (1 Estimation)

The dataset was split into 80% for model training and 20% for testing. Since model
validation is performed per cluster, stratified sampling was used to prevent possible under-
sampling of some clusters. Following the process described in Section 3.3.2, the estimates
of the path loss exponents (77) for each cluster are

2.109931
A 1.460786
= 21
p 3.636597 @)

2.612192

For the standard log-distance path loss model (SLDPLM), the path loss exponent was
determined through the following derivation:

. (i)
pLY) = 105 1og <d> (22)
do

Equation (22) can be rewritten as a linear regression model:

where
y =pLy
) (i)
x) — log <d> (24)
do
8 = 10y

Minimizing the sum of squared errors, i.e., Y (e)?, gives

% Z(W N gx(i))z —0

A\ 2 . .
QZ(x(I)) :Zx(l)y(’) (25)
Zx(i)y(i)
¥ (x()?

Finally, after substituting the values for x, y, and 6, the path loss exponent # for a

9:

sample size S is given by
i (@)
Y PLScI) IOg(ddO )
M= N
(i)
052, fos (%)

Using Equation (26), the path loss exponent for the standard log-distance path loss
model is

(26)

5 = 2.419453 27)

5.2. Performance Evaluation

Figure 17 shows the per-cluster box plot comparison of the absolute errors of GeoSeg
and the SLDPLM. The most striking feature appeared in Cluster 2 and Cluster 4, which
exhibited both significant outliers and exceptionally narrow interquartile range (IQR)
regions. These characteristics indicate possible underlying groupings, which is indicative
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KDE Plot of Path loss (Cluster 2)

of concentration of data. Specifically, the errors may have been taken from a narrow range
of path loss estimate values. To further investigate, a kernel density estimation (KDE)
plot of the path loss estimates was generated for these clusters to visualize the dataset
concentration peaks.

Absolute Error Comparison by Cluster and Model
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Figure 17. Box plot of absolute errors for GeoSeg and standard log-distance path loss model (SLDPLM).

The observed data concentration in Cluster 2 and Cluster 4, evidenced by the tall,
narrow peaks in their respective KDE plots (Figure 18a,b), prompted further investigation.
Density-based (DBSCAN) spatial clustering was employed with parameters € = 10m
and minPts = 5 to identify spatial groupings of test points in both clusters. This process
revealed seven distinct groupings in Cluster 2, with one dominant group containing 84% of
its test data (1496 out of 1780 points). Similarly, Cluster 4 exhibited 11 distinct groupings,
with one dominant group containing 89% of its test data (1204 out of 1358 points). This
spatial concentration of the data directly accounted for both the characteristic narrow peaks
in the path loss KDE plots and the compact interquartile ranges (IQRs) observed in the
corresponding error box plots.

KDE Plot of Path loss (Cluster 4)
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Figure 18. Kernel density estimate plots of path loss values for (a) Cluster 2 and (b) Cluster 4.

To proceed with the model performance comparison, a step was taken to mitigate the
spatial bias by first averaging the path loss values within each grouping in Cluster 2 and
Cluster 4 before recalculating the absolute errors. This resulted in a greatly reduced test
dataset, i.e., Ny = 132, N, = 7, N3 = 129, and N; = 11 for Clusters 1, 2, 3, and 4, respec-
tively. Figure 19 presents the resulting box plot after applying this correction procedure.
Table 6 presents the summary statistics for GeoSeg and the standard log-distance path
loss model.
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Absolute Error Comparison by Cluster and Model
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Figure 19. Box plot of GeoSeg and standard log-distance path loss model for each cluster.

Table 6. Comparison of error statistics between GeoSeg and SLDPLM across clusters.

Cluster Metric GeoSeg SLDPLM

Median Error 0.29 8.20

1 Mean Error 1.54 5.94
Std. Dev. 1.87 2.90

Median Error 1.08 2.87

2 Mean Error 2.11 3.14
Std. Dev. 2.34 2.04

Median Error 4.08 5.18

3 Mean Error 457 5.34
Std. Dev. 2.04 2.17

Median Error 1.62 2.90

4 Mean Error 2.40 2.87
Std. Dev. 1.76 0.76

In summary, the error analysis during the performance evaluation of GeoSeg high-
lighted the spatial distribution characteristics of the dataset. After applying the necessary
data filtering, the dataset consisted of sparsely distributed measurements concentrated in
dense groupings, with some groupings accounting for over 80% of all data points. These
patterns became evident during the model validation phase. Aggregating the densely
clustered data points drastically reduced the sample size for Clusters 2 and 4. Consider-
ing only Clusters 1 and 3, GeoSeg outperformed the standard log-distance model, with the
median error dropping from 8.20 m to 0.29 m (96%) and 5.18 m to 4.08 m (21%) for Clus-
ters 1 and 3, respectively. The disparity in the improvement magnitude suggests that the
single-environment assumption, i.e., one path loss exponent 7 for the entire propagation
region (SLDPLM), misrepresented actual propagation conditions to varying degrees across the

subregions.

6. Conclusions

This study presented GeoSeg, a segmented variant of the log-distance path loss model
that combines per-link modeling and geographical clustering. Preliminary evaluation
using an open-access LoORaWAN dataset showed that GeoSeg outperformed the standard
log-distance path loss model, with median MAE reductions of 21% and 96% observed
across the evaluated clusters. In practical terms, these improvements could support more
reliable LPWAN coverage prediction, gateway placement, and localization performance in
heterogeneous propagation environments.
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Beyond the reported performance gains, the primary contribution of this work lies in
the methodological framework used to construct GeoSeg. First, this study derived a per-link
formulation of the conventional log-distance path loss model that represents a radio link as
a sequence of traversed geographical subregions. This per-link formulation accounts for
the anisotropic propagation behavior arising from land cover heterogeneity across different
radio links. Second, since subregion identification via clustering requires a feature em-
bedding process, this work introduced a context-aware, land cover-embedding procedure
for representing propagation regions. Rather than relying on dominant land cover classes
or simple land cover proportions, the proposed embedding encodes both the land cover
type and its spatial position relative to the line-of-sight path, representing the propagation
environment as a variable-length sequence that preserves spatial context within the radio
link region. Third, this study adapted an HMM-based clustering procedure to handle
large collections of variable-length sequence representations of embedded propagation
regions. Taken together, these contributions establish GeoSeg as a generalized framework
for integrating spatial environmental structure into LPWAN propagation modeling.

It should be noted that GeoSeg was evaluated only against the standard log-distance
path loss model. Direct comparison with other per-link approaches, such as SateLoc and the
per-link Okumura—-Hata model, was not feasible due to differences in data requirements and
missing system parameters. For example, SateLoc requires transceivers to be located within
the same land cover type to estimate path loss exponents, while the per-link Okumura—
Hata model requires system parameters unavailable in the dataset used in this study.
Furthermore, this study relied on a single gateway from a single publicly available dataset,
which limits the generalizability of the conclusions regarding GeoSeg's effectiveness.

Future work should focus on collecting datasets with more uniform spatial coverage
and complete system parameter information to enable broader comparative evaluations.
In addition, measurement campaigns across geographically diverse regions and multiple
gateways would also allow cross-regional validation of GeoSeg and provide deeper insights
into the transferability and generalizability of the proposed framework.
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