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Abstract—Being able to localize smart devices in Low Power
Wide Area Networks (LPWANs) is of primary importance in
many Internet of Things applications, including Smart Cities.
When GPS positioning is not available, a common strategy is
to employ fingerprinting localization, which leverages Received
Signal Strength (RSS) radio maps constructed offline during a
calibration phase. Often, radio maps can then be interpolated
to increase the spatial resolution thus improving localization
accuracy. We consider different LPWAN technologies coexisting
in the same area, and we explore the possibility of augmenting the
localization performance by transferring assistance data for RSS
map calibration from one technology to the other. We leverage
RSS samples from two real-life LPWANs, namely Wireless
M-Bus and LoRaWAN, and we propose several methods for
localizing devices through knowledge transfer, comparing them
to classical techniques based on simple interpolation within the
same technology. Results show that transfer-based approaches are
able to improve the localization accuracy up to 12% compared
to simple interpolation based on single technology and 16%
compared to the case where no interpolation strategy is applied.

Index Terms—LoRaWAN, Fingerprinting Localization, Radio
Map Interpolation, Transfer Learning

I. INTRODUCTION

During the last few years, Low Power Wide Area Networks
(LPWAN) have emerged as enablers for Internet of Things
(IoT) applications, especially in the context of Smart Cities.
Nowadays LPWAN technologies such as LoRA/LoRaWAN,
NB-IoT, Sigfox and Wireless M-Bus are already deployed
(often in coexistence) in many cities worldwide, and connect
billions of battery-operated smart devices to the Internet.
Regardless of the specific IoT application (environmental
monitoring, smart metering, smart parking, etc.), being able to
localize smart devices is of paramount importance, especially
in large scale, mobile and outdoor scenarios. Unfortunately, the
Global Positioning System (GPS) may not be always feasible,
either due to the energy-intensive operations on the device
side, which can rapidly deplete its battery, or simply due to
harsh propagation conditions which inhibit signal reception
from satellites [2][1]. An alternative solution is to exploit the
data packets transmitted by the smart device and received
at the multiple LPWAN gateways. A particularly convenient
option consists in computing the Received Signal Strength
(RSS) out of all the transmissions of the same device at the
different gateways and estimate the device’s position through
fingerprinting [2][3][4][5].

In a nutshell, fingerprinting localization consists of two

phases [6]: first, an offline calibration phase is performed in
order to build the fingerprint database, which contains several
radio maps (one per LPWAN gateway), each one storing the
RSS samples measured at different known locations. Secondly,
in the online phase, a device in unknown position is localized
by searching in the stored radio maps the location correspond-
ing to the most similar RSS fingerprints. Clearly, the higher the
spatial resolution of the radio maps in the fingerprint database,
the better the localization performance. Therefore, to increase
spatial resolution without incurring in additional calibration
costs, the fingerprint database (radio maps) can be augmented
by spatial interpolation.

It is worth observing that different LPWAN technologies
often coexist in the same area, with the gateways of the
different technologies being often co-located. This is partic-
ularly interesting, as the radio maps (database fingerprint)
already available for one technology may be exploited to
assist or even substitute the fingerprint calibration phase for
the other technology, which might be a cumbersome and
costly process. In this paper, we show how to augment the
localization accuracy of a LPWAN technology by exploiting
RSS fingerprints of a different, co-located LPWAN technology
through several transfer learning approaches. The proposed
approaches are validated on a data set from a real network
deployment against traditional approaches not resorting to
knowledge transfer. The remainder of this paper is organized
as follows: Section II reports on the related literature, while
Section III describes the proposed intra- and inter-technology
fingerprint database augmentation strategies. Results obtained
on radio map reconstruction and localization errors are shown
in Section IV. Finally, Section V concludes the paper and
introduces possible future works.

II. RELATED WORKS

Localization in LPWAN as LoRa/LoRaWAN and SigFox
has recently attracted much research attention. In [2] the
authors leverage a large LPWAN urban network to perform
RSS fingerprinting localization with both LoRa and Sigfox,
reporting a mean positioning accuracy of 400 [m] and 690 [m]
respectively. In [3], the localization accuracy of different ML
algorithms is evaluated in a RSS-based LoRaWAN scenario,
with Random Forest achieving the best mean localization
error of 343 [m]. Different RSS-based localization strate-
gies are also using Sigfox, where fingerprinting approaches
are shown to achieve a median error of 443 [m]. In the
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Fig. 1. Schematic representation of intra-technology (left) and inter-
technology (right) approaches for estimation of RSS fingerprint in test
location.

field of radio map augmentation, both non-transfer ([4][5])
and transfer-based ([7][8][9]) strategies have been studied.
Regarding non-transfer based solutions, in [4] authors have
proposed a consensus-based strategy to support distributed
indoor calibration, while in [5] graph-based interpolation is
used in an outdoor Wireless M-Bus urban network to augment
the localization performance, achieving a mean localization
error of 178 [m]. Concerning transfer-based solutions, man-
ifold alignment approaches [10] are investigated. They aim
at aligning two high-dimensional datasets (e.g. two radio
maps of different geographical sites at same transmission
frequency) which are characterized by similar underlying
lower-dimensional structures (e.g. the considered sites are both
either indoor or outdoor and obstacles have similar spatial
distributions). Along the same lines, authors of [7] propose
a semi-supervised manifold alignment framework to estimate
RSS measures at fixed indoor locations, while in [8] an unsu-
pervised approach is used. Differently, in [9] the knowledge
acquired on radio maps corresponding to a particular antenna
tilt is transferred to another tilt configuration, in order to enable
anticipatory networking tasks in cellular networks.

III. METHODS FOR RADIO MAP AUGMENTATION

A. Background

Let sfc (xi) be the RSS sample [dBm] received at the c-th
gateway, serving the LPWAN technology f, from location xi.
The fingerprint database for a specific LPWAN technology
is composed by M entries sf (xi) = [sf1 (xi) . . . s

f
C(xi)],

where C is the number of available gateways and M = {xi,
i = 1 . . .M} is the set of locations visited during the offline
calibration phase.In the online phase, a device in unknown
position x transmits a signal (generally a simple data packet)
which is received by the C gateways. This allows to compute
an associated fingerprint sf (x̂), which is compared to the ones
in the fingerprint database in order to estimate the device
position x̂. To increase the spatial resolution of the fingerprint
database without incurring in additional calibration costs, it is
possible to interpolate the stored radio maps in new locations
xj /∈ M and j ∈ U not visited during the offline phase.
Generally, the set U is created using a uniform spatial grid,
whose step-size controls the tradeoff between computational
complexity and interpolation accuracy. The most common
methodology for radio map interpolation is to follow an intra-
technology approach, where new fingerprints for technology

f are generated starting from the ones collected within the
same technology, as shown in Figure 1 (left). However, the
coexistence of different radio technologies motivates us to
explore novel interpolation strategies, where the radio maps
of technology ft (from now on the target domain) are inter-
polated using the fingerprints already collected from another
technology fs (the source domain), as represented in Figure 1
(right). In the following, we detail the different methodologies
considered in this work.

B. Intra-technology approaches

Concerning intra-technology approaches, several options
are available to estimate the new fingerprints, distinguishing
between interpolation and regression methods. Interpolation
methods assume that closer locations have spatially correlated
RSS measures, while regression methods learn (and eventually
generalize) the relationship between one or more independent
variables and the observed RSS.

1) Interpolation methods: The following interpolating
methods are considered:
• Radius - Inverse Distance Weighting (IDW): the fingerprint

at an unknown location is estimated as a weighted average
of the ones at known locations [11], that is:

sf (xj) =
∑

i∈M,di,j<β

wis
f (xi). (1)

Weights wi are computed according to the inverse of the
Euclidean distance di,j = ||xi − xj ||, and normalised to
unity. Note that all the fingerprints from locations at a
distance greater than a radius β from the unknown RSS
sample location are not included in the interpolation process.
The value β is an hyperparameter of the model and needs
to be optimised for improving the performance.

• Gaussian Radial Basis Function (RBF): the unknown fin-
gerprint is approximated as a weighted sum of radial basis
functions ϕ(di,j) [12], that is:

sf (xj) =
∑
i∈M

wiϕ(di,j). (2)

Several choices are available for the function ϕ, being the
Gaussian kernel the most popular, that is:

ϕ(d(i,j)) = exp

(
−
d2i,j
2σ2

d

)
. (3)

The weight vectors wi are obtained starting from the finger-
prints sf (xi) and inverting the corresponding linear system
obtained from (2) with least squares. Similarly to IDW, the
parameter σd needs to be carefully chosen to optimise the
performance.
2) Regression methods: Focusing on regression strategies,

the rationale is to learn a model per gateway of the type:

sfc (xj) = gfc (x)|x=xj
, (4)

that directly predicts the RSS at the c-th gateway according
to the selected position. Note that the regression function



gfc (x) accounts also for dynamic random shadowing during
the online phase as well as for mismodelling errors. The
simplest option for such function is to use a radio propagation
model, such as the well known log distance path-loss model
[4]. However, such an approach fails to capture non-linearities
in the propagation environment (including obstacles and non-
isotropic antennas). Therefore, in this work we consider more
complex, Machine Learning (ML) based regressors, known for
their ability to capture the non-linearities in the relationship
between independent and target variables: Random Forest (RF)
[13] and Neural Networks (NNs) [14]. Both these regressors
accept in input a set of hyper-parameters, whose setup is again
not trivial and need to be optimised. For what regards RF, we
focus on the optimisation of i) the number of trees in the forest
(ν), and ii) the maximum depth of each tree (ξ). Regarding
NN, on the one hand we decide to fix the number of hidden
layers to 2, whose hidden neurons are activated with sigmoid
functions. Differently, the output neuron is activated with a
linear function, as it usually happens for regression problems.
On the other hand, we decide to optimise i) the number of
neurons per layer (n), ii) the number of training epochs (e)
and iii) the size of training batches (b). In Section IV-B we
will comment on the hyper-parameters optimisation process.

C. Inter-technology approaches

For scenarios where multiple technologies coexist in the
same area, we propose a multi-technology approach based on
the following assumptions:
• A fingerprint database is already available for source domain

technology fs, covering a set of locations Ms.
• The objective is to increase the fingerprint spatial resolution

of the target technology ft, for which few measurements
are available in the location set Mt, much smaller than
Ms. This often happens when the technology ft is deployed
chronologically after fs.

• The gateways of the two technologies are co-located.
• The intersection between Ms and Mt is not empty, i.e.,

there exist fingerprints from fs and ft measured at the same
spatial locations.

Under these assumptions, we consider inter-technology meth-
ods which first learn the relationship between ft and fs,
not necessarily starting from the co-located fingerprints, and
secondly increase the fingerprint database of ft by transferring
the fingerprint samples in fs corresponding to locations not
present in Mt. The proposed methods are the following:
• Linear Transfer (LN-T): as a baseline approach, we assume

a linear relationship between the radio maps of each gateway
according to the following:

sftc (xi) = θc + γcs
fs
c (xi). (5)

Parameters θc and γc are estimated via least squares from
the co-located measurements, and then used to obtain the
new fingerprints sft(xj) starting from sfs(xj). For an ideal
path-loss scenario, θc and γc are derived solving a system of
linear equations which correspond to the log-distance path-
loss models for the two technologies ft and fs. In such case,

γc accounts for the variation of the path-loss index due to
the frequency shift.

• Random Forest (RF-T): another way to exploit the co-
located measurements is to assume a more complex, non-
linear relationship between the two radio maps. Such re-
lationship can be conveniently learnt with the use of ML
algorithms, such as RF. As before, training is performed
independently for each one of the C gateways, using as input
features the location and RSS measurement of the source
domain (xi, s

fs
c (xi)) and as dependent variable the RSS

measurement in the target domain (sftc (xi)). Once training
is performed, the C RF are run in parallel to output a new
fingerprint sft(xj). As well as we do for RF method, we
choose to optimise (for each RF) the number of trees in
the forest and the maximum depth of each tree. Details on
hyper-parameters tuning will be given in Section IV-B.

• Graph Transfer (GR-T): we also consider a technique known
as graph-based radio map interpolation, opportunely adapted
to the task at hand [5]. In general, graph-based interpolation
allows the computation of unknown signal values (finger-
prints) at specific nodes in a graph (locations), given the
knowledge of the graph adjacency matrix (e.g., weights of
the links between nodes). We start with the measurements
in the source domain fs and construct C graphs, one per
gateway, where each node represents a location xi in Ms,
its value equals the RSS sfsc (xi) at that location, and link
weights between nodes i and j are equal to:

wi,j =

exp
−(sfsc (xi)− sfsc (xj))

2

2 · µ2
c

, if i ̸= j

0, otherwise
(6)

As one can see, locations having the same RSS are con-
nected with a link with the strongest weight, while the
link strength decreases according to the difference in RSS
measurements. Once the graphs for the source domain are
created, we proceed as it follows:

1) First, we discard the signal values on the nodes of each
graph, keeping the link weights.

2) Secondly, we associate to the nodes corresponding to the
locations x ∈ Mt the corresponding signal values sftc (x)

3) Finally, we perform graph-based interpolation (refer to
[15] for mathematical details) and we obtain the estimated
fingerprints at the remaining nodes (locations of Ms not
available in Mt).

• Neural Network Transfer (NN-T): finally, we consider the
possibility of applying transfer learning with neural net-
works, a methodology which recently gained popularity
[14]. In details, the procedure is characterised by the fol-
lowing steps:

1) First, we independently train one NN per gateway, where
the c-th NN has s = 2 hidden layers and nc hidden
units per layer. The NNs are trained with measurements
from the source domain only, using as input features the
measurement location xi ∈ Ms and using as dependent
variable the RSS sample sfsc (xi). Note that this is similar



Fig. 2. Representation of the considered experimental area: base station,
red circle, blue square and green star icons stand respectively for gateways,
co-located LoRaWAN-Wireless M-Bus fingerprints, Wireless M-Bus only
fingerprints and LoRaWAN only fingerprints (best viewed in colours).

in nature to what done in the NN method, but on the
source domain rather that on the target domain.

2) Secondly, the trained NNs are divided in two parts: the
former contains the first s1 hidden layers, while the latter
contains the last s2 = s− s1 hidden layers.

3) Finally, we perform fine-tuning of the last s2 layers, by
re-training the NN using data from the target domain,
i.e., passing as input features the location in Mt and as
target variable the corresponding RSS sample. During re-
training, the weights associated to the units of the first s1
layers remain unchanged.

The NNs can then be used to output the estimated fin-
gerprints in the target domain at any location. Note that,
differently from the previously introduced inter-technology
methods, such methodology does not require co-located
measurements, as the fine-tuning in the target domain can
be performed with any of the available measurements.
Regarding hyper-parameters optimization, beside the same
ones considered in NN case, an important role in this context
is played by s1, i.e., the number of layers to fix when
fine-tuning is performed. Further details are given in the
following section.

IV. EXPERIMENTAL RESULTS

This work leverages the availability of two coexisting LP-
WANs, operating in a medium-sized city of Northern Italy,
namely: i) LoRaWAN V1.0 (EU868), operating at 868MHz,
and ii) Wireless M-Bus (EN 13757-4:2013), working in the
N-mode (long range, narrow-band) at 169 MHz. We restrict
our analysis to an area of approximately 1.3 Km2, represented
in Figure 2, where C = 10 dual-technology gateways are
deployed.

A. Dataset construction

To generate the dataset, an outdoor collection campaign has
been performed by leveraging a LoRaWAN tracker (Adenius
ARF8123AA) and a Wireless M-Bus transmitter (based on the
AMB3626 radio module). The two devices are programmed
to periodically broadcast data packets, which in case of the

TABLE I
HYPER-PARAMETERS: INTRA-TECHNOLOGY

Method Hyper-parameters range Selected values
IDW β = {50 : 50 : 500} β = 200 [m]
RBF σd = {10−5 : 103 : 10−1} σd = 10−4

RF ν = {5, 10, 25, 50}
ξ = {5, 10, 25, 50} ν = 50, ξ = 25

NN
n = {2, 3, 4, 5, 6}
e = {50 : 50 : 400}

b = {2i, i = 3, 4, 5, 6}

n = 4, e = 400,
b = 25

TABLE II
HYPER-PARAMETERS: INTER-TECHNOLOGY

Method Hyper-parameters range Selected values

LN-T θ, γ ∈ IR
θ = 0.86,

γ = −111.27 [dBm]

GR-T µ = {2 : 2 : 42}
ϵ = {0.05 : 0.05 : 1} µ = 6, ϵ = 0.25

RF-T ν = {5, 10, 25, 50}
ξ = {5, 10, 25, 50} ν = 25, ξ = 10

NN-T

n = {2, 3, 4, 5, 6}
e = {50 : 50 : 400}

b = {2i, i = 3, 4, 5, 6}
s1 = {0, 1, 2}

n = 6, e = 400,
b = 26, s1 = 1

LoRaWAN tracker contain the ground truth GPS location of
the device. The broadcast period is set to 20 seconds, and the
devices are manually synchronized. To avoid changes in the
transmission conditions, the LoRaWAN tracker has been set to
always transmit at a constant spreading factor equal to 12. The
two devices are mounted on the rooftop of a car and moved
through the experimental area for approximately 3 hours. Upon
reception of a packet, each gateway extracts the ground truth
position xi and the RSS sfc (xi), allowing the construction of
the source and target domain fingerprint databases. After the
collection campaign, 217 fingerprint entries are available for
Wireless M-Bus technology, while only 176 for LoRaWAN.
Therefore, we consider LoRaWAN as target domain ft, while
the former is used as source domain technology fs. The
intersection of the two location sets Mt and Ms contains
160 locations.

B. Model training and hyper-parameter tuning

The methods introduced in Section III require to tune several
parameters, independently for each gateway, in order to obtain
the best performance. First of all, the two datasets are divided
in training and test sets, with splitting ratios of 0.9 and 0.1,
according to a k-Fold strategy with k = 10. The test set is
left aside, and the following steps are performed only on the
training set. First, a further 10-Fold cross-validation strategy
is applied to each fold of the training set, creating sub-training
and validation sets. Secondly, training is performed on each
sub-training set with each method hyper-parameters candidate
values and performance are evaluated on the corresponding
validation set, using the Root Mean Squared Error (RMSE)
of the estimated RSS samples [dBm] as error metric. For
each fold, the configuration yielding the best performance
are tracked. At the end of the process, we select for each
gateway the hyper-parameters occurring the most among the
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Fig. 3. Box plots of RSS map reconstruction error of intra-technology
methodologies for C = 10 gateways.

folds. Tables I and II show, for each methodology tested, the
range of the hyper-parameters candidate values and the final
selection according to cross-validation for one gateway taken
as example.

C. Fingerprint Estimation

We evaluate the performance of the different fingerprint
estimation methods, computing the distribution of the RMSE
(in dB) for all gateways and all folds of the test set. We con-
sider different scenarios, characterised by a different number
of training samples in the fingerprint database of the target
technology (LoRaWAN). In details, tests are performed with
four different sizes of the LoRaWAN fingerprint database
(from now on referred to as availability ratios), corresponding
to 25%, 50%, 75% and 100% of the 160 available training
samples. For each scenario but the last, we extract the training
fingerprints randomly, averaging the results over 103 realisa-
tions. Concerning intra-technology methods, the interpolation
techniques are applied directly starting from the subset of Lo-
RaWAN training samples to estimate the fingerprints in the test
set (see Figure 1, left side). As for inter-technology methods,
first the selected subset of LoRaWAN training fingerprints and
the corresponding entries in the Wireless M-Bus dataset are
used for training the models. Secondly, the source domain
fingerprints corresponding to the locations in the test are
transferred to the target domain (see Figure 1, right side). Box
plots in Figures 3 and 4 show the RMSE distribution for the 10
gateways of the different intra- and inter-technology methods,
respectively. For a pair of estimation method and availability
ratio (i.e. for a single box), the minimum RMSE error (i.e.
the lower whisker of the box) corresponds to a gateway for
which that method works the best, while the opposite happens
for the upper whisker. In other words, different methods for
different availability ratios can be better for some gateways
while worse for others, depending mainly on actual spatial
distribution of training fingerprints. Among intra-technology
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Fig. 4. Box plots of RSS map reconstruction error of inter-technology
methodologies for C = 10 gateways.

methods, RF is the best performing one, yielding mean RMSEs
between 6 dB and 8 dB and max RMSEs between 11 dB
and 14 dB. IDW works well for availability ratios greater
than 50%, with performance comparable to those of RF.
Instead, RBF and NN show higher estimation errors, with
average RMSE greater than 10 dB. Also, upper whiskers
of RBF boxplots are not shown, as maximum RMSEs are
above 50 dB. Regarding inter-technology strategies, one can
see that the best performing method is RF-T, with results
comparable to RF case. GR-T and NN-T show 1.5 dB higher
mean RMSEs than RF-T. Finally, LR-T show poor estimation
performance, with mean RMSEs above 10 dB and maximum
RMSEs above 19 dB. It can be observed that inter-technology
methodologies have similar performance compared to intra-
technology approaches, especially for low availability ratios.
This is particularly promising, as it means that knowledge
transfer from a different technology has a predictive power
comparable to interpolation within the same domain.

D. Localization Performance

Regarding devices localization, we implement a traditional
RSS fingerprint search algorithm according to weighted k-
Nearest Neighbour. For each fingerprint in the test set we
search in the training database the k = 2 closest entries
in terms of Euclidean distance in the RSS space and we
average the corresponding locations with weights inversely
proportional to the fingerprints distance to output the estimated
location. We consider the same training availability ratios as
in Section IV-C. For intra-technology methods, the LoRaWAN
fingerprint database is augmented computing new fingerprints
on a uniform spatial grid with step 25 [m] (i.e., for the 25%
availability ratio, the fingerprints at each point of the grid are
interpolated starting from only 0.25 × 160 = 40 LoRaWAN
training samples). For inter-technology methods, after training
with each specific availability ratio, the LoRaWAN fingerprint
database is augmented by transferring all available Wireless
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Fig. 5. Comparison of 80-Percentile of the localization errors for Baseline (BL), intra- and inter-technology methods (best viewed in colours).

M-Bus samples corresponding to locations not considered in
the training phase. Figure 5 compares the 80-Percentile of
the localization error for the Baseline (BL) case (i.e., when
we leverage only LoRaWAN training samples to localize test
set fingerprints, according to the specific availability ratio),
corresponding to the black bar, and the tested methodologies.
Concerning intra-technology methods (redish bars), we ob-
serve that for low availability ratios RBF, IDW and RF perform
quite similarly, improving the localization error between 1%
and 4% with respect to BL. However, with the increasing of the
availability ratio, RF turns to outperform all the other intra-
technology methods, achieving a maximum improvement of
14% on BL’s performance for full availability ratio. Also, we
observe that NN performs quite poorly, indeed adding noise
to the system that lowers the localization performance with
respect to BL. Regarding inter-technology methods (blueish
bars), RF-T clearly outperforms the other strategies, yielding
a maximum improvement of 16% with respect to BL for
minimum availability ratio. Regarding the other methods, GR-
T and NN-T perform similarly, improving BL’s performance
by 5% on average, while LN-T performs likely BL. It is of
interest to compare the localization performance of the best
intra- and inter-technology methods, per each availability ratio.
We observe that for availability ratios of 25% and 50% RF-T
yields 12% better performance than RBF and RF, respectively.
Increasing the availability of LoRaWAN training fingerprints
to 75%, RF and RF-T show similar localization performance,
while for full availability of LoRaWAN measures RF turns to
perform 2% better that RF-T. This suggests on the one hand
that for low availability ratios it is better to transfer the knowl-
edge from a different domain than interpolating information in
the same domain, while on the other hand for high availability
ratios interpolation strategies are recommended.

V. CONCLUDING REMARKS

We proposed and evaluated different methodologies to trans-
fer the knowledge acquired in the radio maps of a source
LPWAN technology in order to increase the radio maps spatial
resolution of a target LPWAN technology, with the final goal
of improving the localization accuracy in the target domain.
Experimental results with data from two operative LPWANs
show that knowledge transfer approaches outperforms classical
methods for radio map interpolation, especially when the
initial knowledge in the target domain is limited. Future

research directions will focus on the generalisation of such
results to other co-located radio technologies such as Wi-Fi at
2.4/5 GHz and LTE at 800/1800 MHz.
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