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Abstract

With the exponential deployment of Internet-of-Things (IoT) connected devices,
massive networks relying on first-generation low-power wide-area network (LP-
WAN) protocols begin to reach their limits. Although more scalable LPWAN proto-
cols are expected to be commercialized, LPWAN radios are typically implemented
in hardware and tied to a single protocol. Upgrading an IoT network to a newer
protocol hence requires the replacement of functional devices, which implies a high
environmental cost. We study in this thesis two approaches to prevent the disposal
of existing IoT devices that could arise from technological obsolescence.

The first part of this thesis tackles the challenge of designing LPWAN software-
defined radios (SDRs) on ultra low-power microcontrollers. In particular, we target
SDR implementations of the LoRa and Sigfox protocols. We initially design, thanks
to an accurate analytical model of unsynchronized LoRa signals, a Nyquist-rate
LoRa receiver chain with a low-complexity iterative synchronization procedure.
We then conduct a hardware/software co-design of a microcontroller architecture
for LPWAN SDRs on IoT devices. This architecture includes a general-purpose
low-power processor for the protocol-specific baseband computations and a hard-
ware digital front-end for the generic signal processing. The LoRa and Sigfox SDRs
are evaluated with an ultra low-power prototype of the microcontroller architec-
ture and attain a sub-mW power consumption for the baseband processing.

The second part of this thesis studies the design of multi-user receivers for LoRa
gateways. Since LoRa devices are not synchronized in time, collisions between up-
link frames limit the scalability of LoRaWAN networks. As a first attempt, we de-
rive from the maximum-likelihood criterion a two-user detector capable of decod-
ing two colliding frames. We demonstrate the practicality of this approach thanks
to an SDR implementation of the proposed detector, along with an interference-
robust synchronization algorithm. To overcome the intrinsic limitations of this first
detector, we then design a successive interference cancellation two-user receiver
that explicitly leverages the interleaving and channel code of LoRa with soft deci-
sions. Network-level simulations show that a LoRa gateway employing our two-
user receiver may serve 4.7 times more devices than a conventional gateway.
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1
Introduction

The last decade witnessed the ever-increasing digitalization of tools and
infrastructure in our daily lives. From smart wearables for healthcare to
intelligent electrical meters, the Internet of Things (IoT) aims to revolution-
ize both consumer and industrial sectors by integrating Internet-connected
sensors to physical objects [1, 2]. These sensors, usually referred to as end
nodes, generate data from their environment and transfer it wirelessly over
the Internet to the cloud. This data is then analyzed by an application to
extract insights and actionable information to the final user.

At the core of the IoT paradigm lies the wireless connectivity of the
sensors to the Internet. Compared to traditional connected devices such as
laptops or smartphones, many IoT end nodes rely on a much more strin-
gent energy supply (e.g., small batteries or an energy harvester). To avoid
a too frequent and cumbersome maintenance of the nodes, users expect a
long autonomy of several years. Yet, the wireless transmissions represent
an important part of the energy budget of the devices [3]. A major trade-
off hence opposes the autonomy of the end nodes and the quantity of data
they transmit.

In particular, the prohibitive energy consumption of conventional 3GPP
cellular radios has led to the emergence of new low-power wide-area net-
work (LPWAN) technologies [5, 6]. As illustrated in Fig. 1.1, LPWANs aim
to connect IoT devices to gateways over large distances, while minimizing
for the end nodes the energy overhead of the transmissions. The gate-
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1 | Introduction

Cloud 

& 

data 

centers

Fig. 1.1 Illustration of the network architecture of IoT applications,
adapted from [4]. This thesis focuses on the LPWAN subsystem.

way is connected to the Internet through an access network, and relays the
messages from the end nodes to an application back-end hosted in a data
center. The wireless communications between the end nodes and the gate-
way are defined by a protocol, which comprises a physical (PHY) layer and
a medium access control (MAC) layer. Since end nodes are used across a
large variety of use-cases, no single wireless technology matches the broad
range of requirements of all IoT applications [7]. Several LPWAN proto-
cols hence co-exist together, as each favors a different set of characteristics
(e.g., payload size, communication range, energy efficiency, cost, ...).

The recent popularity of IoT applications has driven an exponential in-
crease of the number of deployed end nodes [4]. Even though these appli-
cations provide potential benefits to the final users, their infrastructure also
causes inevitable environmental burdens [8]. For instance, an end node
typically embeds several electronic circuits and components (e.g., sensor,
radio, battery, ...). As for every electronic product, the life cycle of an IoT
end node implies the extraction and refining of metals, its manufacturing
in energy-intensive cleanrooms, the transport to the customer, the usage of
the device itself and finally its end-of-life treatment [9, 10]. These stages of
the life cycle all generate direct environmental impacts such as the release
of greenhouse gases (GHG) into the atmosphere, water and soil pollution,
and many other ecosystem damages.

As of today, the environmental burdens generated by IoT end nodes
are usually overlooked, since it is implicitly assumed that these are neg-
ligible compared to the positive impacts they enable. Yet, the number of
IoT devices worldwide, albeit difficult to estimate, is expected to continue

2 |



| 1.0

increasing from 5 billion in 2020 up to 200+ billion in 2030 [4]. Such an
exponential growth of the number of manufactured IoT devices also im-
plies a strong increase of the associated direct environmental impacts. For
instance, GHG emissions due to the production of end nodes could range
from 22 to 1124 MtCO2-eq/year in 2027 depending on the growth scenar-
ios [4], whereas the annual carbon footprint of the global ICT production
in 2020 has been evaluated between 281 and 543 MtCO2-eq [4].

From an engineering standpoint, several actions could however be taken
to curb the increasing environmental impacts of IoT devices. An impor-
tant shortcoming lies in the lifetimes of the end nodes. For small consumer
electronics such as smartphones, the carbon footprint of the manufacturing
often exceeds the carbon footprint linked to the electricity consumption of
the device [11]. Increasing the lifetime of the device is thus a straightfor-
ward way to decrease its associated environmental burdens [12]. In spite
of that, most end nodes are commercially intended to have short lifespans,
since their designs very rarely incorporate means for repair, upgrade or re-
cycling [13]. In addition to the regular wear-out that defines the expected
lifetime of a device, IoT equipment is especially subject to technological
obsolescence because of the fast-paced innovation in the sector. This ob-
solescence, which is driven by user motivations to benefit from a newer
technology, further shortens the effective lifetime of the devices [14].

This work focuses on a key functionality of IoT devices that is par-
ticularly exposed to technological obsolescence: the wireless connectivity.
Nowadays, three competing technologies share the LPWAN market: NB-
IoT, LoRaWAN and Sigfox [6]. Nonetheless, new protocols are constantly
designed and put on the market, especially with the advent of satellite IoT
communications [15]. Because the end nodes cannot be upgraded to sup-
port new radio standards, the arrival of more efficient protocols may trig-
ger a technological obsolescence and incite users to replace their existing
devices, which is both economically and environmentally unsound.

To overcome this environmental conundrum, we study in this thesis
two complementary approaches whose common goal is to prevent the tech-
nological obsolescence of wireless IoT networks. The first approach targets
the low-power end nodes and consists in the design of a software-defined
radio (SDR) for LPWAN protocols, whose PHY layer implementation can
be reprogrammed by means of a software update. The second approach
aims specifically at improving the scalability and robustness of existing
LoRaWAN networks by designing multi-user receivers for the gateways.

In the remainder of this introduction, we first present in more detail the

| 3
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Microcontroller
Unit

Power 
Management Unit

IoT End NodeSensor

RF Front-end

Digital
Baseband
Processing

Fig. 1.2 Illustration of an IoT end node. The radio includes a digital base-
band processing unit and an RF front-end. The first part of this thesis fo-
cuses on software implementations of the digital baseband processing.

motivations for each approach separately. We then conclude by describing
the contributions and the outline of this thesis.

1.1 Reprogrammable Software-Defined LPWAN Radios

IoT end nodes are designed following the architecture depicted in Fig. 1.2,
whose central component is a low-power microcontroller unit (MCU). This
architecture generally also contains an embedded sensor, a power man-
agement unit and a wireless radio. The sensor generates data based on its
physical environment and feeds it to the MCU. The MCU then processes
the data according to application needs, and eventually forwards the pro-
cessed information to the radio for a wireless transmission to the gateway.

The wireless radio consists of a digital baseband (DBB) processing unit,
which implements the PHY layer of a protocol, and a radiofrequency (RF)
front-end. The DBB processing of LPWAN radios is often implemented in
hardware and tied to a single standard. Since this architecture provides no
reconfigurability at the PHY layer, LPWAN networks are particularly sub-
ject to technological obsolescence. Indeed, these networks cannot be up-
graded to another protocol without disposing of the already deployed in-
frastructure and deploying new devices. Similarly, the re-use of end nodes
for another application with different communication requirements (e.g.,
greater range or greater throughput) is also impossible.

To enhance the interoperability of IoT end nodes, the first part of this
thesis considers the design of software-defined radios (SDRs) for LPWANs.
In an SDR, the RF front-end is designed to be parameterizable while most
of the DBB computations of the PHY layer are performed in software by a

4 |
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processor. This reconfigurable architecture enables over-the-air updates of
the communication protocol, and therefore allows a radio to switch from
one standard to another throughout its entire lifetime. The flexibility of-
fered by SDRs could therefore help to both extend the effective lifetimes of
end nodes, but also to foster innovation at the physical layer of LPWANs.

However, for energy-constrained end nodes, the underlying challenge
of this approach is to successfully implement the DBB processing in soft-
ware while fitting in the 1–10 mW budget of low-power transceivers [16].
Since all DBB computations of an LPWAN radio cannot be carried out on
a general-purpose processor in the tight energy budget of an end node, an
efficient hardware/software partitioning of these computations is needed.
Therefore, the first question that this thesis focuses on is

Question 1 How can we design an efficient ultra low-power MCU architecture
that is suitable for a software implementation of several LPWAN physical layers?

1.2 Improving the Scalability of LoRaWAN Networks

NB-IoT, Sigfox and LoRaWAN are today the principal LPWAN protocols
used in IoT networks [6]. NB-IoT is a low-power cellular standard de-
rived from LTE that uses licensed frequency bands. LoRaWAN and Sigfox
are two technologies operating in the unlicensed industrial, scientific and
medical (ISM) frequency bands. Whereas the Sigfox network is managed
worldwide by a single company, LoRaWAN networks are deployed locally
and independently by both commercial operators and non-profit organiza-
tions. This decentralized organization, in addition to a simple and efficient
PHY layer, has fostered the popularity of LoRaWAN in the IoT ecosystem.

Despite its wide adoption, it is well-known that LoRaWAN suffers from
scalability limitations [17, 18]. The LoRaWAN protocol stack combines
a PHY layer, usually named LoRa, and a MAC layer. To achieve long
range communications in a stringent energy budget, the PHY layer uses a
chirp spread spectrum modulation in a bit-interleaved coded modulation
scheme [19, 20]. At the MAC layer, LoRaWAN uses a pure (non-slotted)
ALOHA multiple access scheme to avoid an energy-intensive synchroniza-
tion mechanism between the end node and the gateway.

Because the end nodes are not synchronized, collisions between net-
work users may occur and even cause the network throughput to rapidly
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1 | Introduction

decrease for an increasing number of users [21, 22]. The scalability of
LoRaWAN networks is thus inherently limited by the interference, as for
ALOHA networks. In particular, it is often assumed that LoRaWAN can-
not cope with the deployment of massive IoT networks, such as smart city
scenarios with more than 1000− 10, 000 nodes per gateway [21, 23]. The
continuous densification of LoRaWAN networks thus poses a risk to the
functioning of the already deployed end nodes, since they may become
inoperative when the network becomes interference-limited.

A straightforward solution to this problem would be to replace the ex-
isting IoT infrastructure with a newer protocol better suited for dense net-
works. For instance, a new PHY layer named LR-FHSS has recently been
announced [23]. This PHY layer, which uses a frequency hopping spread
spectrum modulation, is compatible with the LoRaWAN MAC layer. A
preliminary study indeed shows that, for the same network goodput, Lo-
RaWAN networks using the LR-FHSS PHY allow to serve about 100 times
more devices than with the conventional LoRa PHY [23].

Yet, as previously discussed, the existing LoRaWAN end nodes cannot
be upgraded to LR-FHSS since the radios only support the LoRa PHY. To
avoid the disposal of the already deployed devices and its associated en-
vironmental cost, we propose instead to improve the performance of the
LoRa PHY. More specifically, we study how multi-user receivers can in-
crease the throughput of LoRa gateways. Multi-user receivers allow to
recover separately colliding signals from different users by jointly demod-
ulating them [24]. Instead of losing two colliding frames because of the
interference, a gateway with a multi-user detector can successfully demod-
ulate both of them, thereby increasing the network throughput.

Nonetheless, the LoRa PHY has not been designed for multi-user de-
tection. Several practical problems hence need to be addressed, and in par-
ticular, the concurrent synchronization of the gateway to multiple users.
This challenge leads us the second question on this thesis, which is

Question 2 How can we design a practical multi-user receiver for LoRa gate-
ways that is capable of jointly demodulating two colliding users?

By trying to answer to this question, we derive in this thesis two dif-
ferent designs of multi-user receivers for LoRa. However, beyond their
practicality, we also need to evaluate the benefits of such receivers at the
network level. Hence, the third question that this thesis investigates is

Question 3 To which extent do gateways with two-user receivers improve the
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Contributions and Outline of this Thesis | 1.3

performance of LoRaWAN networks, compared to the existing single-user receiver?

1.3 Contributions and Outline of this Thesis

In order to answer the questions outlined above, this thesis is organized
as follows. Since LoRaWAN is a recurrent subject of this work, Chapter 2
provides a self-contained description of the protocol. In this chapter, we
exhaustively describe its PHY layer, and we also introduce the architecture
of LoRaWAN networks, including some relevant aspects of the MAC layer.
The remainder of this thesis is then split into two parts.

The first part of this thesis studies the implementation of low-power
LPWAN SDRs, and in particular for the LoRa and Sigfox PHY layers. How-
ever, such SDRs require DBB algorithms with a sufficiently low complexity
to be implementable on the general-purpose processors of IoT MCUs. Al-
though the Sigfox PHY layer is substantially simple, many aspects of the
implementation of LoRa transceivers had not been examined in the sci-
entific literature when we started this research. Notably, a low-complexity
synchronization algorithm for LoRa receivers was missing. Chapter 3 hence
studies the design of a low-complexity, yet efficient LoRa synchronization
algorithm capable of correcting both sampling time and carrier frequency
offsets. We start by deriving an accurate Nyquist-rate analytical model
of a LoRa signal sampled with these two offsets. Using this model, we
propose a new estimator for the fractional sampling time offset. We then
design a complete synchronization procedure with a very low computa-
tional overhead that induces only 1 or 2 dB penalty compared to an ideally
synchronized receiver. The contents of this chapter are adapted from [JP1].

In Chapter 4, we address the challenge of designing an ultra low-power
(ULP) MCU architecture suitable for a software implementation of the DBB
processing of LPWAN protocols. By means of a hardware/software par-
titioning of the DBB computations, we propose an MCU architecture with
an ARM Cortex-M4 processor for the protocol-specific computations and a
hardware digital front-end for the generic signal processing. The proposed
architecture has been prototyped in a 28 nm FDSOI ULP design and the
LoRa and Sigfox PHY layers have been implemented in software. Exper-
imental evaluations of the MCU prototype for both SDRs show a power
consumption between 32 and 332 µW for the DBB processing, and near-
state-of-the-art receiver sensitivities below -120 dBm. To the best of our
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knowledge, this work is the first to actually demonstrate SDR implemen-
tations of two commercial LPWAN PHY layers running on an ULP MCU.
The contents of this chapter are adapted from [CP1], [CP2] and [JP2].

The second part of this thesis focuses on the design of multi-user re-
ceivers for LoRa gateways, and has been conducted in collaboration with
the Telecommunications Circuits Laboratory of EPFL, Switzerland. Al-
though several multi-user receivers have been proposed in the literature,
they all fail to attain useful error rates at the low signal-to-noise ratios
(SNRs) that are characteristic of LoRa communications. In Chapter 5, we
hence derive a two-user detector from the maximum-likelihood principle.
However, as the complexity of the maximum-likelihood sequence estima-
tion is prohibitive, complexity-reduction techniques are introduced to en-
able practical implementations of the receiver. An in-depth performance
analysis highlights that the proposed two-user detector inherently lever-
ages the differences in received power, time offsets, and frequency offsets
between the users to separate and demodulate their respective signals. To
demonstrate the practicality of the proposed detector, we then design an
interference-robust synchronization algorithm and implement it along the
proposed two-user detector in the GNU Radio SDR environment. Exper-
imental results show that our SDR implementation is capable of detect-
ing and demodulating two interfering users with symbol error rates below
10−3, even at low SNRs. The contents of this chapter are adapted from
[CP3] and [JP3].

By leveraging the outcomes of the previous chapter, we propose in
Chapter 6 a successive interference cancellation LoRa soft-receiver capable
of decoding frames from two colliding users. The proposed two-user de-
tector explicitly leverages the bit-interleaved coded modulation scheme of
LoRa to improve the detection and cancellation of the strongest interfering
user. The weakest user is then demodulated with the matched filters de-
rived in Chapter 5. We show that in the presence of two interfering users,
the usage of a low coding-rate and an iterative soft-detection are essential
to attain error rates sufficiently close to the single-user scenario. Thanks
to network-level simulations carried out with network simulator ns-3, we
subsequently evaluate the gains of our proposed two-user receiver in a
realistic LoRaWAN network. For an overall frame error rate of 1%, simu-
lation results show that a LoRaWAN network employing our two-user re-
ceiver may serve 4.7 times more devices than a network with only a single-
user receiver at the gateway. The contents of this chapter are adapted from
[CP4] and [JP4].
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Introduction to LoRa and

LoRaWAN

LoRaWAN is nowadays the most popular non-cellular LPWAN protocol
for IoT communications. Unlike the energy-intensive cellular standards
NB-IoT and LTE-M, LoRaWAN relies on low-complexity PHY and MAC
layers operating in the unlicensed ISM frequency bands. The LoRa PHY
layer is a proprietary technology owned by Semtech [25, 26], whereas the
MAC layer is an open standard defined by the LoRa Alliance [27].

Because the PHY layer is patented, the only transceivers compatible
with LoRa are commercialized in agreement with Semtech, and no precise
specifications are publicly available. Yet, thanks to reverse-engineering ef-
forts, the chirp spread spectrum modulation and other aspects of the LoRa
PHY have extensively been studied in the scientific literature [28, 29, 30,
31, 32]. The optimization of the LoRaWAN MAC layer has also become a
very popular research topic over the last years [33].

The objective of this chapter is to serve as a self-contained introduction
to LoRa and LoRaWAN. We provide first in Section 2.1 a detailed descrip-
tion of the LoRa PHY layer, and we then discuss the baseband implementa-
tions of several LoRa transceivers. Subsequently, we explain in Section 2.2
the LoRaWAN network architecture and specific aspects of the MAC layer
that play a role in the digital baseband processing of LoRa transceivers.
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2.1 The LoRa Physical Layer

The LoRa PHY operates within the ISM radio bands, mainly around 868
MHz in Europe and 915 MHz in North America [34]. The protocol uses a
chirp spread spectrum (CSS) modulation, that provides several key bene-
fits for IoT communications. First, LoRa, whose name stands for long range,
achieves wireless transmissions over distances up to 15–30 km [35, 36]. By
configuring the spreading gain of the CSS modulation, the PHY layer al-
lows to trade off transmission time and data rate for longer communication
ranges [33], [37]. Also, the modulation is more robust to frequency selec-
tive channels than conventional modulation schemes such as FSK [30].

In this section, we provide a thorough explanation of the LoRa PHY
layer. We first describe the CSS modulation and how LoRa integrates this
modulation with a Hamming code following the bit-interleaved coded mod-
ulation (BICM) principle. Next, we explain the general digital baseband ar-
chitecture of a LoRa transmitter and the implementations of several LoRa
receivers.

2.1.1 Chirp Spread Spectrum Modulation

The CSS modulation of the LoRa PHY is a continuous phase modulation
(CPM) that relies on chirps, i.e., waveforms whose instantaneous frequency
increases linearly over time and spans a bandwidth B. Typical passband
bandwidth values, such as advertised by commercial LoRa transceivers,

are B ∈ {125, 250, 500} kHz. Every symbol has a duration T = 2SF
B and

carries SF bits of information, where SF ∈ {7, . . . , 12} is called the spread-
ing factor. For a symbol s ∈ {0, . . . , 2SF − 1}, the signal starts at an initial
frequency of B

(
s

2SF −
1
2

)
. The instantaneous frequency of the modulated

signal increases linearly over time, until the moment tfold = 2SF−s
B , when

the instantaneous frequency is decreased by B (i.e., folded) to keep the sig-
nal in the allocated bandwidth [32]

xs(t) =

 e
j2π
(

B
2T t2+B

(
s

2SF−
1
2

)
t
)

for 0 ≤ t < tfold,

e
j2π
(

B
2T t2+B

(
s

2SF−
3
2

)
t
)

for tfold ≤ t < T.
(2.1)

Commercial LoRa receivers such as the Semtech SX1276 carry out the
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demodulation of a LoRa symbol at a sampling frequency fs = B [26, 38].
When sampled at this frequency, the discrete-time signal of a symbol con-
sists of N = 2SF samples. It has however been shown that the actual band-
width of LoRa signals slightly exceeds the advertised bandwidth B [32].
Yet, for a sufficiently large N, the discrete-time baseband-equivalent model
of a LoRa symbol s sampled with fs = B can still be expressed as

xs[n] =


e

j2π

(
n2
2N +

(
s
N−

1
2

)
n
)

, 0 ≤ n < n f ,

e
j2π

(
n2
2N +

(
s
N−

3
2

)
n
)

, n f ≤ n < N,

(2.2)

where n f = N − s is the sample index at which the frequency folding
occurs. In the remaining of this thesis, we identify for convenience as
a Nyquist-rate receiver any LoRa receiver that performs both the synchro-
nization and the demodulation stages at the sampling frequency fS = B,
despite the fact such receivers do not strictly fulfill the Nyquist-Shannon
sampling theorem [39].

Moreover, we always assume in this thesis that the transmission takes
place over an additive white Gaussian noise (AWGN) channel with a
complex-valued channel gain h ∈ C, unless stated otherwise. A received
LoRa symbol s after sampling at fs = B is then represented by

y[n] = hxs[n] + z[n] (2.3)

where z[n] ∼ CN (0, σ2) is complex AWGN with variance σ2 =
N0
2 and N0

is the single-sided noise power spectral density.

The maximum likelihood (ML) detection of a LoRa symbol can be ef-
ficiently implemented at the Nyquist rate fs = B with a discrete Fourier
transform (DFT). To this end, the sampled signal y[n] is first multiplied
point-wise with x∗0 [n], the complex conjugate of an unmodulated symbol
s = 0. This multiplication yields the dechirped signal

ỹ[n] = y[n]x∗0 [n] =
√

Pej2πn s
N +θ + z̃[n], (2.4)

where P = |h|2 is the power of the signal at the receiver, θ = ∠h repre-
sents the phase introduced by the channel, and z̃[n] = z[n]x∗0 [n]. For a
perfectly synchronized receiver, ỹ[n] hence contains a single complex tone
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of frequency s
N and AWGN. Let

Y[i] =
N−1

∑
n=0

ỹ[n]e−j2π ni
N (2.5)

be the i-th bin from the N-point discrete Fourier transform (DFT) of the
dechirped signal. Computing the DFT on the dechirped signal yields

Y[i] = N ·Π(i− s, 0) + Z[i] (2.6)

where Π(k, ξ) =
1− e−j2π(ξ−k)

1− e−j2π(ξ−k)/N
is the discrete sinc function centered

around the fractional frequency ξ for an N-point DFT and Z[i] is the DFT
of the dechirped AWGN z̃[n]. Assuming ideal synchronization, we have
ξ = 0 and the sinc function becomes a Kronecker delta at position i = s.

LoRa receivers typically perform a non-coherent detection of the re-
ceived symbols to avoid the tracking of the phase θ [30, 31, 40]. For a non-
coherent detection, the ML symbol candidate ŝ corresponds to the index of
the DFT bin Y[i] with the largest magnitude

ŝ = arg max
s̄
|Y[s̄]| . (2.7)

In the presence of AWGN, the non-coherent detection incurs a 0.7 dB loss
compared to the ML coherent detection [41, 42].

We finally present two properties of the CSS modulation that play an
important role in LoRaWAN networks. First, increasing the spreading fac-
tor SF by one increases the spreading gain of the modulation by 2.5 dB, but
at the expense of halving the data rate [38, 43]. The MAC layer uses this
property to allocate for each device the lowest possible SF while ensuring
a minimal quality of service. This optimization minimizes the airtime and
the energy consumption of the radio [27]. Secondly, LoRa waveforms using
different SFs are quasi-orthogonal to each other [44]. This property, further
described in Chapter 5, allows to increase the throughput of a LoRaWAN
network if the SFs are evenly distributed among the end nodes [18].

2.1.2 Bit-Interleaved Coded Modulation

To improve its robustness against noise, fading channels, and residual time
and frequency offsets, LoRa combines its CSS modulation with an error-
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Payload

bits

Binary
Encoding Interleaving Binary

Labeling Symbols

Fig. 2.1 Architecture of a Bit-Interleaved Coded Modulation encoder.

correcting code following the bit-interleaved coded modulation (BICM)
strategy [45, 46]. At the transmitter, BICM consists in the concatenation
of a binary encoder, an interleaver and a binary labeling (i.e., a symbol
mapper), as shown in Fig. 2.1 [47]. This simple and flexible scheme allows
to independently select a modulation and an error correcting code with
any code rate. The interleaver acts as a channel interleaver and provides a
time diversity gain to the receiver, thus improving the robustness of trans-
missions in fading channels. Efficient receiver implementations for BICM
systems compute soft-information for each bit in the demodulation stage
in the form of log-likelihood ratios, then de-interleave these soft values and
eventually feed them to a soft-input channel decoder.

Although one of the original Semtech LoRa patents does mention the
concept of soft-demodulation for LoRa receivers [26], the assumption that
LoRa actually implements a BICM scheme has been raised in the scientific
literature only in 2019 [46]. Very few papers hence consider and evalu-
ate soft-decisions for the demodulation and decoding stages of LoRa re-
ceivers [46, 48, 49]. Instead, most works in the literature either ignore the
coding or implement a hard-decision decoding.

We introduce next the different elements of the LoRa BICM strategy
(the Hamming code, a diagonal interleaving scheme and Gray mapping)
and explain their implementation in a LoRa transmitter. The implementa-
tion of a single-user LoRa soft-receiver is later explained in Chapter 6.

Error-Correction Coding

LoRa uses two simple schemes for error detection and error correction [40].
Let CR = (kc, nc) be the code rate, where kc denotes the data word length
and nc denotes the codeword length. Four different code rates CR =

{4/5, 4/6, 4/7, 4/8}, and an uncoded mode, are supported. For CR = 4/5, a
simple even parity-check code is used. For the other code rates, LoRa uses
the well-known Hamming code, with its 1-bit punctured and extended ver-
sions. Let d0, d1, d2 and d3 be the bits of a data word. The codewords are
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Fig. 2.2 LoRa interleaving for SF = 8 and a (4, 7) Hamming code.

obtained using the following generator matrix

[
d3 d2 d1 d0

]
·


0 0 0 1 0 1 1 1
0 0 1 0 1 1 0 1
0 1 0 0 1 1 1 0
1 0 0 0 1 0 1 1

 =
[
d0 d1 d2 d3 p0 p1 p2 p3

]
,

(2.8)
where only the first nc bits are kept, and p0, p1, p2, p3 are the parity bits.

Interleaving

The interleaving stage is a simple block diagonal interleaver with the ar-
rangement shown in Fig. 2.2. The interleaver transforms an input matrix
of SF× nc bits to a shuffled matrix of size nc × SF. In the remainder of this
thesis, we denote b(m,p) as the input data bits before coding and interleav-
ing, where m ∈ {0, . . . , SF− 1} and p ∈ {0, . . . , kc − 1}. Similarly, let b̄(m,k)

and b̄′(k,m) (k ∈ {0, . . . , nc − 1}) be the corresponding coded bits before
and after interleaving, respectively. Each interleaved block hence contains
SF codewords that are subsequently mapped to nc symbols. The objective
of the interleaving is to provide time diversity at the receiver by spreading
demodulation errors from one or several symbols to as many codewords as
possible. For instance, by assuming a receiver with a hard-decision Ham-
ming decoder and a code rate of (4, 7), if a single symbol demodulation
error occurs in an interleaved block, each codeword will contain at most
one erroneous bit, which can always be recovered by the decoder.
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Fig. 2.3 Illustration of the LoRa PHY Tx chain, which implements Bit-
Interleaved Coded Modulation.

Binary Labeling
Finally, the nc rows of SF = log2 N bits in an interleaved block are mapped
into symbols s ∈ {0, . . . , N − 1}. To this end, a labeling with Gray codes is
used. Gray codes are a binary ordering which guarantee that two succes-
sive coded values differ in only one bit. In a LoRa receiver chain, this prop-
erty is particularly useful when the receiver is not perfectly synchronized
to the transmitter, as small frequency and time offsets often cause one-off
symbol demodulation errors. The Gray coding ensures that if such one-off
demodulation error happens, only one bit of the demodulated symbol af-
ter Gray decoding will be erroneous. This behavior is further discussed in
Chapter 3.

2.1.3 Baseband Transmitter Chain

We now introduce the digital baseband architecture of a LoRa transmitter,
such as the Semtech SX1276 [38]. This architecture is depicted in Fig. 2.3.
The remaining elements of a LoRa transmitter that have not yet been intro-
duced are also described.

The transmitter chain starts with a whitening stage that adds in GF(2)
a pseudo-random binary sequence to the input payload bits [40]. A header
(indicating the payload length and the code rate) and a cyclic redundancy
check are optionally inserted into the whitened bits. The data then follows
the different stages of the bit-interleaved coded modulation (Hamming en-
coding, interleaving, Gray mapping and CSS modulation) previously ex-
plained. A preamble is finally added to the beginning of each frame to
facilitate the synchronization of the receiver with the transmitter [25]. The
structure of a LoRa preamble is illustrated in Fig. 2.4.

The preamble structure consists of Npr repetitions of an unmodulated
upchirp (i.e., x0[n]), succeeded by two identical network identifiers sym-
bols and 2.25 downchirps x∗0 [n] [50]. The network identifiers symbols are
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Fig. 2.4 Structure of a LoRa preamble.

used for frame synchronization and to distinguish devices from different
networks. We further show in Chapter 3 that the joint usage of upchirps
and downchirps in the preamble allows a receiver to estimate its sampling
time and carrier frequency offsets. A downchirp can be demodulated simi-
larly to an upchirp by dechirping the sampled signal with an unmodulated
upchirp x0[n], instead of an unmodulated downchirp x∗0 [n]. Further details
on the usage of the preamble in the synchronization procedure of LoRa re-
ceivers are provided in Chapter 3.

2.1.4 Baseband Implementations of LoRa Receivers

We finally describe the baseband implementations of five LoRa receivers.
The first three receivers are open source SDR implementations designed for
scientific purposes, whereas the latter two are commercial chips fabricated
and sold by Semtech.

Software-Defined Radio Implementations
Three implementations of LoRa SDRs have been reported in the litera-
ture [40, 51, 52]. All three use the open source GNU Radio environment
and have been experimentally validated. Contrary to the low-power em-
bedded SDR implementation described in Chapter 4, these GNU Radio im-
plementations are executed on high-end computers or servers. We provide
a brief summary of the characteristics of each implementation:

• Robyns et al. provided the first functional implementation of a LoRa
SDR receiver [51]. The baseband Rx chain includes a preamble detec-
tion and synchronization procedure, a hard-demodulation of the CSS
symbols in the time domain and a hard-decoding of the Hamming
code. The synchronization procedure requires an oversampling fac-
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tor R = 8 and implements a modified Schmidl-Cox algorithm to es-
timate the sampling time and carrier frequency offsets. Yet, the SDR
exhibits poor performance as it only reaches frame error rates below
10% for SNRs higher than 15 dB, whereas commercial LoRa receivers
attain this error rate for SNRs well below 0 dB.

• Tapparel et al. implemented an entire LoRa transceiver with Tx and
Rx data paths [40]. The demodulation is implemented using the
Nyquist-rate ML non-coherent detector previously described. No
oversampling of the signal is required, but the synchronization stage
uses a zero-padded DFT of size 2(Npr − 2)N. The decoding is ach-
ieved using a hard-decision Hamming decoder. For correctly de-
tected frames, an experimental evaluation of the SDR implementa-
tion for SF = 7 shows good performance (less than 1 dB loss com-
pared to an ideally synchronized receiver).

• Xu et al. implemented a complete LoRa receiver [52]. Contrary to
Tapparel et al., their Rx data path uses an oversampling factor R = 2
for both the synchronization procedure and the demodulation. They
propose a new hard-decision demodulation strategy that uses the
oversampling to facilitate the receiver synchronization, and perform
a hard-decoding of the codewords. An experimental set-up with an
USRP N210 running their SDR implementation is capable of receiv-
ing 95% of the transmitted frames up to a distance of 3600 m for
SF = 12 and B = 125 kHz.

From the above descriptions, we point out that the SDR receivers from
Robyns et al. and Xu et al. require an oversampling of the received signal
( fs > B) for at least the synchronization procedure. Tapparel et al. avoid the
oversampling by relying on zero-padded DFTs. Moreover, no SDR receiver
implements a soft-demodulation and soft-decoding of the LoRa symbols.

Semtech SX1276: End Node Transceiver
The Semtech SX1276 is a low-power LoRa transceiver for end nodes [38].
The chip integrates both a digital baseband unit and an RF front-end. In Tx,
the radio has a maximal output power of 20 dBm (or 14 dBm with a high
efficiency power amplifier). In Rx, the radio has a power consumption of
38 mW and a minimal sensitivity of −123 dBm for SF = 7, B = 125 kHz
and −136 dBm for SF = 12, B = 125 kHz.

The implementation of the baseband unit is partly described in two
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patents [25, 26]. Contrary to the previous SDR receivers, both the Tx and
the Rx data paths are sampled and processed at the Nyquist rate fs = B.
The SX1276 datasheet mentions that the coding is particularly efficient to
improve the demodulation performance in the presence of interference,
and recommends increasing the code rate in such situation. In addition,
an implementation of the soft-demodulation and soft-decoding of LoRa
symbols is described in [26]. These statements lead us to believe that the
SX1276 implements a soft-decision decoding of the Hamming code and
thus leverages the BICM strategy of the LoRa PHY.

Semtech SX1301: Macro Gateway Transceiver
The Semtech SX1301 is a digital baseband chip for LoRaWAN macro gate-
ways [53]. In practical gateways, this baseband chip is coupled with an RF
front-end chip such as the Semtech SX1250. To allow the reception of con-
current LoRa transmissions using different SFs, the baseband unit features
10 parallel Rx data paths:

• 8 LoRa data paths at B = 125 kHz, each with a configurable SF.

• 1 LoRa data path at a configurable B ∈ {125, 250, 500} kHz, with a
single predefined SF.

• 1 (G)FSK data path.

In Tx, a single data path is responsible for the transmission of either a LoRa
or (G)FSK frame.

More specifically, the LoRa Rx data paths all implement a Nyquist-rate
synchronization and demodulation of the acquired LoRa signals. Yet, con-
trary to the SX1276, the SX1301 datasheet does not mention any specific
usage of the coding. It is hence unclear whether the SX1301 actually imple-
ments a soft-demodulation and soft-decoding of the received data.

2.2 The LoRaWAN MAC Layer

We now provide a brief introduction to the LoRaWAN MAC layer. We first
describe the architecture of LoRaWAN networks. We subsequently explain
three aspects of this protocol that play an important role in the network-
level evaluation conducted in Chapter 6.
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Fig. 2.5 Star-of-stars architecture of a LoRaWAN network. The wireless
connections between the end nodes and the gateways use the LoRa PHY,
whereas the gateways, network server and application servers communi-
cate over the Internet.

2.2.1 Network Architecture

LoRaWAN networks follow a star-of-stars topology, as shown in Fig. 2.5.
The central element of the topology is the network server, which manages
gateways, end nodes and applications in the entire network.

In uplink, the end nodes transmit a message over the air and unknow-
ingly communicate with one or several gateways. Point-to-point commu-
nications between end nodes are not supported. In turn, the gateways
are responsible for the reception and the demodulation of incoming LoRa
frames. Once decoded, the payloads of the received frames are subse-
quently transferred through the Internet to the network server. The net-
work server retrieves the messages received by the gateways, identifies
the corresponding application, and subsequently transfers them to the ap-
propriate application server.

In downlink, when the network server receives a response from an ap-
plication server, it schedules the transmission of the corresponding LoRa
frame by selecting an appropriate gateway to transfer it to the targeted end
node. The network server is thus the real processing unit in the network,
whereas the gateways are merely an interface between the end nodes and
the network server.

For energy efficiency reasons, LoRaWAN end nodes implement a non-
slotted ALOHA multiple access scheme to transmit frames to the gateway.
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End nodes are not synchronized in time and may transmit uplink frames
at any moment. Collisions between uplink frames may hence arise due to
the lack of synchronization between end nodes. Similarly to all ALOHA
networks, interference between same-technology devices has been identi-
fied as the main obstacle to the scaling of dense LoRa networks [17, 18].
This scalability limitation is described in more detail in Chapter 5.

2.2.2 Duty Cycling and End Nodes Classes

The LoRa PHY uses the unlicensed ISM frequency bands, which enforce
fair access policies. In Europe, transmitters using the 868 MHz and 867
MHz sub-bands should either comply with a 1% radio duty cycle or im-
plement a listen-before-talk mechanism. LoRaWAN follows the former
policy, which means that if the radio transmitted during one second, it can-
not transmit during the following 99 seconds [33]. This policy notably also
applies to the gateways. As a consequence, situations in which a gateway
cannot respond to an end node may arise due to the duty cycling regula-
tions. LoRaWAN alleviates this constraint at the gateway by defining two
downlink receive windows for each uplink message, as described here-
after. Similarly, to minimize the airtime of transmissions and thus to avoid
collisions, LoRa radios operating in LoRaWAN networks can only use the
code rate CR = 4/5 [27].

Furthermore, the LoRaWAN specifications define three classes of end
nodes, namely, Class A, Class B and Class C [27]. We briefly introduce the
main characteristics of these classes:

• Class A: Communications with class A devices can only be initiated
by the end nodes. A device may start an uplink transmission at any
time. Two short downlink windows (RX1 and RX2) are subsequently
opened for the gateway to transmit an answer or an acknowledg-
ment. The server can either respond during the RX1 or the RX2 win-
dow. Downlink communications in window RX1 use the same pa-
rameters (frequency band, bandwidth B, SF) as the uplink transmis-
sion, whereas RX2 transmissions use a predefined frequency band,
bandwidth and SF. The delays between the end of the uplink trans-
mission and the begin of the RX1 and RX2 windows are 1s ± 20µs
and 2s± 20µs, respectively.

• Class B: This class extends the characteristics of Class A. In addition,
the end nodes open periodically downlink windows for scheduled

20 |



The LoRaWAN MAC Layer | 2.2

downlink messages. This mode requires a time synchronization be-
tween the gateway and the end nodes, which is achieved thanks to
periodic beacons sent by the gateway.

• Class C: This class extends the characteristics of Class A. In addition,
Class C devices must continously listen to the gateway for incoming
frames that may arrive at any time.

The Class A is targeted for low-power devices running on batteries or
energy-harvesting, whereas Class C end nodes are more energy-intensive
but benefit from a very low receive latency. Class B offers an intermediate
trade-off between Classes A and C.

2.2.3 Adaptive Data Rate Mechanism

The LoRaWAN MAC layer provides a mechanism, namely the Adaptive
Data Rate (ADR) mechanism, for optimizing the data rates, airtime and
energy consumption of the end nodes. The ADR tunes the transmission
power, bandwidth and SF of the end nodes using data from the PHY layer,
such as the SNR or the frame error rate. Depending on the configuration,
the ADR optimization is conducted either by the end node or the network
server. The ADR algorithm on the end nodes is defined by the LoRaWAN
specifications, whereas the implementation of the ADR algorithm on the
network server can be defined by the network operator. In the latter case,
the network server indicates to the end node the radio parameters to use
in downlink messages.

Since LoRa gateways are capable of concurrently demodulating frames
using different SFs, the ADR algorithms select for each end node the low-
est possible SF [54]. We show in Chapter 6 that this strategy enables an
efficient repartition of the SFs among the end nodes if their locations are
uniformly distributed in the cell. In the end, the ADR mechanism seeks
to both minimize the energy consumption of the end nodes and to maxi-
mize the network throughput, thanks to the near-orthogonality of inter-SF
transmissions.
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A Low-Complexity LoRa

Synchronization Algorithm

Although the literature on LoRa has grown rapidly over the years, some as-
pects of the DBB processing of LoRa radios have scarcely been studied. As
discussed in Chapter 2, the CSS modulation is nowadays well-known, but
little research has been conducted on the synchronization stage of a LoRa
receiver. In particular, an SDR implementation of a LoRa transceiver on
an ULP MCU requires an efficient low-complexity synchronization algo-
rithm. Yet, despite the recent efforts on the topic of LoRa synchronization
and offsets correction, a complete and low-complexity LoRa synchroniza-
tion algorithm that results in low packet error rates was still missing in
the literature when we designed the ULP MCU architecture presented in
Chapter 4.

The first step of this thesis was hence to design a synchronization al-
gorithm suitable for a software execution of the LoRa DBB on ULP MCUs.
The principal impairments to correct during the synchronization proce-
dure of a LoRa receiver are the carrier frequency offset (CFO) and the sam-
pling time offset (STO) [31, 50]. An efficient estimation of these offsets is
crucial, as the presence of residual offsets prevents a receiver to reach the
low sensitivity levels provided by the CSS modulation. However, contrary
to the majority of LoRa synchronization algorithms available in the litera-
ture, our objective is to keep the overall complexity of the receiver as low as
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possible by restraining the sampling frequency at fs = B, i.e., by targeting
the implementation of a Nyquist-rate LoRa receiver.

This chapter describes the design and the evaluation of the proposed
Nyquist-rate LoRa synchronization algorithm, and is organized as follows.
We first explain in Section 3.1 the effects of a CFO and STO on the demodu-
lation stage of a Nyquist-rate LoRa receiver. We conduct a brief analysis of
the state-of-the-art and we explain why other synchronization algorithms
published in the literature are not appropriate for an implementation on
an ULP MCU. Next, we derive in Section 3.2 an analytical Nyquist-rate
signal model of LoRa preamble symbols received prior to synchronization,
which includes the aforementioned offsets. This model then allows us in
Section 3.3 to design a new low-variance estimator capable of efficiently es-
timating the fractional component of the STO. Thanks to this estimator and
the accurate signal model, we design in Section 3.4 a complete Nyquist-
rate LoRa synchronization algorithm. We finally evaluate the performance
and the computational complexity of this algorithm in Section 3.5 and Sec-
tion 3.6, respectively.

3.1 Motivations and Related Works

To better understand why previously published LoRa synchronization al-
gorithms are not suitable for an implementation on an ULP MCU, we first
provide an intuitive explanation of the impacts of both an STO and a CFO
on the demodulation stage of a Nyquist-rate LoRa receiver.

Let us hence consider a LoRa signal received with an STO τ and a
CFO ∆ fc with respect to the transmitter. The continuous-time baseband-
equivalent model of the signal is

y(t) = hej2πt∆ fc xs(t− τ) + z(t). (3.1)

Throughout this chapter, we assume a constant received power P = 1.
Bernier et al. have shown that the effects of a CFO or STO on the non-

coherent ML detector of (2.7) can be seen as approximately equivalent [50].
When demodulating a repeating LoRa symbol s (such as encountered in
the LoRa preamble for s = 0) sampled at fs = B, a CFO (resp. STO), dis-
places the sinc function Π(i− s, 0) in the frequency domain after dechirp-
ing from position s to s + N∆ fc/B (resp. s− Bτ) [26, 31, 50]. Both offsets
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Fig. 3.1 Amplitudes |Y[i]| obtained when demodulating a repeating
symbol s = 64 (SF = 8) without AWGN for different CFO and STO values.
Integer offsets displace the Kronecker delta originally located at k = 64,
whereas fractional offsets scatter the delta on several frequency bins.

may be decomposed into integer and fractional components such as

∆ fc = B · LCFO + λCFO
N

, τ =
LSTO + λSTO

B
(3.2)

where LCFO, LSTO are integer, and λCFO, λSTO ∈] − 0.5, 0.5] [50]. Since
LCFO and LSTO are integer, they shift the Kronecker delta in the DFT Y[i]
initially located at i = s of an integer number of DFT bins. On the con-
trary, the fractional offsets λCFO and λSTO scatter the energy of the symbol
previously contained in a single bin over several frequency bins. These
behaviors are illustrated in Fig. 3.1.

In the presence of AWGN, a symbol demodulation error occurs if and
only if any of the |Y[i]| values for k ∈ {0, . . . , N − 1}\s exceeds the value
of |Y[s]|. We denote the probability of incorrectly demodulating a symbol
s under a fractional CFO λCFO as P(ŝ 6= s|s, λCFO). The scattering induced
by the fractional offset increases P(ŝ 6= s|s, λCFO), due to the increase of
energy in the bins adjacent to i = s. It is therefore necessary to accurately
estimate and correct both integer and fractional offsets to avoid a severe
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Fig. 3.2 SER of a Nyquist-rate LoRa receiver using (2.7) with a fractional
CFO λCFO (LCFO = 0 and SF = 8) for τ = 0. Identical results apply for a
receiver with a fractional STO λSTO (for LSTO = 0) and ∆ fc = 0.

degradation of the symbol error rate. An accurate analytical approxima-
tion for P(ŝ 6= s|s, λCFO) has been derived in [45]. This approximation is
used to illustrate in Fig. 3.2 the impact of different fractional CFOs λCFO
on the symbol error rate (SER) for uncoded transmissions (i.e., CR = 4/4).
Obviously, values of λCFO near −0.5 or 0.5 are much more detrimental to
the SER than smaller ones, e.g., λCFO = 0.1 has almost no impact on the
receiver.

3.1.1 Related Works

Several LoRa receivers with synchronization algorithms have been pub-
lished in the literature over the last years. These receivers can be classified
into two categories: Nyquist-rate receivers and receivers operating with
oversampling, i.e., with a sampling frequency fs > B. The latter receivers
are usually more performant than the former ones, but they have a higher
computational complexity and are hence more tedious to implement on an
ULP SDR platform.

Recent research has highlighted that the signal model of dechirped LoRa
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symbols strongly differs whether the receiver samples the received signal
at the Nyquist frequency or with oversampling. Due to the frequency fold-
ing of the LoRa waveforms, the Fourier transform of a continuous-time
dechirped LoRa signal actually spans two sinc functions, at the frequencies
B s

N and −B + B s
N [39]. A sampling frequency fs ≥ 2B is hence required to

strictly respect the Nyquist-Shannon theorem in the demodulation stage of
a LoRa receiver. Yet, as discussed in Chapter 2, commercial LoRa receivers
(which we refer to in this manuscript as Nyquist-rate receivers) demodu-
late signals at fs = B. These receivers however still achieve an optimal
demodulation of the received symbols because the two sinc functions con-
structively overlap in the DFT Y[i] into a single Kronecker delta at position
i = s, thanks to the aliasing [39].

Synchronization Algorithms with Oversampling
Although the aliasing in Nyquist-rate receivers simplifies the demodula-
tion of LoRa symbols, it also erases properties of the signal that simplify
the estimations of the CFO and STO [55]. For this reason, most of the works
in the literature design synchronization algorithms for LoRa receivers that
oversample the received signal. We now provide a brief summary of these
works by emphasizing their computational complexity.

The authors in [51] present a preamble synchronization algorithm for
LoRa based on the Schmidl-Cox algorithm, which however works only for
very high signal-to-noise ratio (SNR) values. Oversampling is used in the
synchronization procedure to obtain accurate estimations of the STO.

The authors in [56] present a joint estimator of time and frequency off-
sets based on the maximum-likelihood principle. Their synchronization al-
gorithm exhibits near-optimal performance, but requires an oversampling
rate of at least two and has a stringent complexity of O(N2 log N).

The authors in [55] design a synchronization algorithm working in the
time-domain that takes advantage of the specific time-domain properties
of the LoRa preamble. This algorithm relies on a matched filtering with
convolutions and requires an oversampling rate greater than two to achieve
a sufficiently accurate estimation of the STO and CFO, with a complexity
of O(N2).

Nyquist-Rate Synchronization Algorithms
Unfortunately, the synchronization procedures described in [51, 55, 56]
have computational complexities that are prohibitive for ULP MCUs. Sim-
ilarly to the commercial low-power transceiver SX176 [38], a synchroniza-
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tion algorithm running at fs = B would have a much lower computational
complexity. The only papers in the literature that study synchronization al-
gorithms for Nyquist-rate LoRa receivers are [40] and [50]. However, both
works do not fully model the impact of the STO on sampled signals.

Tapparel et al. present a functional GNU Radio implementation of a
LoRa receiver, but no accurate model of a dechirped Nyquist-rate LoRa
signal with CFO and STO is discussed [40]. A Nyquist-rate synchroniza-
tion procedure is briefly described, but the algorithm uses a zero-padded
DFT of size 2(Npr − 2)N whose complexity is prohibitive for ULP MCUs.

Bernier et al. present the first low-complexity synchronization algorithm
for LoRa, including estimators for the integer and fractional components
of both time and frequency offset [50]. The proposed algorithm is inspired
from the Semtech patent of [26] and has a very low asymptotic complex-
ity of O(N log N). The authors include the fractional timing offset λSTO
in their discussion and suggest a method to estimate it, but an exhaustive
analytical model of this offset is not examined since they evaluate their pro-
posed synchronization algorithm only under the non-realistic assumption
of λSTO = 0. We show in this chapter that their proposed synchroniza-
tion algorithm estimates the fractional STO with a high-variance estimator,
which strongly degrades the overall receiver performance.

3.1.2 Objectives

Due to their high computational complexities, the algorithms from [40, 51,
55, 56] are not appropriate for an ULP SDR implementation of a LoRa re-
ceiver. Only the algorithm from [50] exhibits a sufficiently low complexity.
This algorithm however strongly degrades the receiver performance be-
cause of an inefficient estimation of the fractional STO. The goal of this
chapter is hence to design an efficient LoRa synchronization algorithm
with a sufficiently low computational complexity that allows its straight-
forward implementation on the ULP SDR plateform introduced in Chap-
ter 4.

The first objective of this chapter is to derive a complete analytical
model of a dechirped Nyquist-rate LoRa signal with both a CFO and STO.
Next, leveraging this accurate model, an estimator for the fractional STO
with a lower variance than the one of Bernier et al. needs to be derived.
Finally, the accurate signal model and the low-variance fractional STO es-
timator can be used altogether to design a novel low-complexity synchro-
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nization algorithm for Nyquist-rate LoRa receivers.

3.2 Modeling Nyquist-Rate LoRa Signals with STO and CFO

In this section, we seek to accurately model the impacts of an STO τ and a
CFO ∆ fc on a LoRa signal sampled by a receiver at the Nyquist frequency
fs = B. We first derive continuous-time and discrete-time signal models
for the upchirps contained in the LoRa preamble, and we subsequently
adapt the discrete-time model for the preamble downchirps.

3.2.1 Continuous-time Signal Model

We first analytically model the impact of an STO on the receiver, in the
concurrent presence of a CFO. This requires going back to a continuous-
time representation since the discrete-time representation in (2.2) is only
valid for a perfectly synchronized receiver. Let u(t) be the continuous-
time step function and c(t) = ej2πt∆ fc be the frequency shift of the CFO.
For ease of notation, we omit the AWGN in the following derivations. The
continuous-time signal x0(t) (t ∈ [0, 2T[) represents two consecutive up-
chirps in the preamble

x0(t) = e
j2πB

(
t2
2T−

t
2−t·u(t−T)

)
.

Let y(t) be the non-synchronized version of x0(t), i.e., after transmission
through the channel defined in (3.1), where t ∈ [0, T[. Because y(t) is de-
fined over only one symbol period, its expression can be written as the
product of an upchirp x0(t), the frequency shift c(t) of the CFO and an-
other frequency shift induced by the STO

y(t) = hc(t)x0(t− τ)

= hc(t)ej2πB
(

t2−2tτ+τ2
2T − 1

2 (t−τ)−(t−τ)·u(t−τ−T)
)

= x0(t)c(t)e
j
(

2πB
(
− tτ

T −(t−τ)·u(t−τ−T)
)
+θ′

)
,

where θ′ is a phase offset representing the constant phase contributions
of the channel and the STO. Since this offset does not influence the non-
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Fig. 3.3 Structure of a preamble for SF = 8. The dotted lines delimi-
tate the consecutive windows of N samples received under an integer STO
LSTO = 192. Only 4 upchirps are shown for the sake of clarity.

coherent ML demodulator of (2.7), we ignore all constant phase offsets in
the following derivations.

3.2.2 Discrete-time Signal Model

The continuous-time signal y(t) is sampled at the frequency fs = B. Since
a LoRa symbol spans over N samples, a receiver that is not synchronized in
time processes windows of samples belonging to two consecutive symbols.
For an STO τ = (LSTO + λSTO)/B, the first M = dLSTO + λSTOe samples
in the window belong to the first symbol and the remaining N − dLSTO +

λSTOe samples originate from the second symbol, with d·e being the ceiling
function. This behavior is illustrated in Fig. 3.3.

Since the transmitted signal x0(t) consists of two repetitions of the same
symbol x0(t), we can easily analytically model the impact of the CFO and
STO in the demodulation stage. Following the definition of ∆ fc from (3.2),
the discrete-time counterpart of c(t) is

c[n] = ej2π
LCFO+λCFO

N n.

Let y[n] be the discrete-time signal sampled from y(t). This signal
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is first dechirped by the receiver, i.e., multiplied pointwise by x∗0 [n], the
complex conjugate of an unmodulated upchirp. The expression of the
dechirped signal ỹ[n] is:

ỹ[n] = c[n]e
j2π

(
− LSTO+λSTO

N n−(n−LSTO−λSTO)u[n−M]

)
,

where u[n] is the discrete-time step function. Since (n − LSTO)u[n − M]

is necessarily integer, this term only induces phases shifts of 2π, and the
equation can be simplified to

ỹ[n] = c[n]e
j2π

(
− LSTO+λSTO

N n+λSTOu[n−M]

)
. (3.3)

In (3.3), we observe that a window of N points sampled with an STO τ

such that LSTO 6= 0 and λSTO 6= 0 presents an instantaneous phase jump
of 2πλSTO at the sample index M, i.e., at the boundary of the two unmod-
ulated upchirps. By separating the fractional offset λSTO from the integer
offset LSTO, the impact of λSTO on the dechirped signal can be seen as a
single frequency component circularly shifted by M samples

ỹ[n] = c[n]e−j2π
LSTO

N n ·
〈
e−j2π

λSTOn
N

〉
M

where 〈x[n]〉K corresponds to a circular shift of K samples on the signal
x[n].

Finally, by expanding the term c[n], we obtain an expression for the
dechirped signal depending on all offsets components:

ỹ[n] = ej2π
LCFO+λCFO−LSTO

N n ·
〈
e−j2π

λSTOn
N

〉
M. (3.4)

Equation (3.4) shows that the fractional offsets λCFO and λSTO cannot be
considered equivalent. Notably, the CFO adds to the dechirped signal
ỹ[n] a residual frequency term continuous across the upchirps boundaries,
whereas the fractional STO induces a frequency shift whose phase is re-
set to −2πλSTO after crossing an upchirp boundary. This difference is re-
flected in Fig. 3.4, where λSTO = −λCFO such that both phase contribu-
tions increase at the same speed. The phase induced by the STO is cyclic
between the boundaries of symbols, whereas the phase due to the CFO is
continuous across symbols and wraps around −π and π. This difference
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256) and dechirping, with a CFO LCFO = 10, λCFO = 0.3 and an STO
LSTO = 192, λSTO = −0.3. The dotted lines indicate the windows of N
samples processed by the receiver.

of behavior is not modeled in Bernier et al., as they consider both fractional
offsets to have equivalent effects on the dechirped signal [50].

This absence of equivalence for the fractional offsets leads to a DFT
output Y[i] that is no longer similar to a sinc function in the concurrent
presence of both time and frequency offsets. Let a[n]~ b[n] be the convolu-
tion between the signals a[n] and b[n]. Computing the N-point DFT of (3.4)
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yields the following signal

Y[i] = N ·Π(i− LCFO + LSTO, λCFO)~
[
e−j2π iM

N ·Π(i,−λSTO)
]
. (3.5)

Due to the term e−j2π iM
N , the magnitude |Y[i]| of the DFT retains a peak

around i = (LCFO − LSTO) mod N, but the tails of the function do not
match the tails of a sinc function, as shown in Fig. 3.1. We discuss in
Section 3.3 that the dependency of the signal Y[i] on the variable M =

dLSTO + λSTOe complicates the estimation of both the STO and CFO.

3.2.3 Differences Between Upchirps and Downchirps

The same development is now used to derive the analytical representation
of an unmodulated downchirp before synchronization. It can be shown
that the expression of a downchirp yd[n] sampled at fs = B with an STO τ

and CFO ∆ fc corresponds to

yd[n] = c[n]e
−j2π

(
n2
2N−

LSTOn
N − n

2

)
·
〈
ej2π

λSTOn
N

〉
M.

After dechirping with an upchirp and expanding c[n], we obtain

ỹd[n] = ej2π
LCFO+LSTO+λCFO

N n ·
〈
ej2π

λSTO
N n〉

M. (3.6)

We finally denote the DFT of ỹd[n] as Yd[i], whose expression is given by

Yd[i] = N ·Π(i− LCFO − LSTO, λCFO)~
[
e−j2π iM

N ·Π(i, λSTO)
]
. (3.7)

By comparing (3.5) and (3.7), we observe that positive STOs and CFOs
shift the Kronecker delta originally at i = s in the opposite direction for up-
chirps, but in the same directions for downchirps. This property is needed
to separately estimate the integer offsets LCFO and LSTO, as first discussed
in [26, 50] and explained in the following section under our detailed model.
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3.3 Interdependencies between Integer and Fractional Offsets

Due to the complexity of the DFT output Y[i] given in (3.5), deriving es-
timators of the STO and CFO when LCFO, LSTO, λCFO, λSTO 6= 0 is chal-
lenging. The difficulty of the problem can however be reduced by partially
correcting the CFO. In this section, we show that estimating λCFO can be
achieved independently of the presence of the other offsets, but that the
estimations of λSTO, LSTO and LCFO are all intertwined.

After correction of the fractional CFO λCFO, the sinc function Π(i −
LCFO + LSTO, λCFO) from (3.5) becomes a Kronecker delta δ[i − LCFO +

LSTO]. Consequently, the DFT of the partially corrected signal has a simpler
expression without any convolution

Y[i] = N · e−j2π iM
N ·Π(i− LCFO + LSTO,−λSTO) + Z[i], (3.8)

where Z[i] is the DFT of the dechirped AWGN z̃[n]. The energy of the sig-
nal in (3.8) is now spread in multiple DFT bins only because of the presence
of the fractional STO.

In this section, we derive a new low-variance estimator for λSTO for
the signal model of (3.8). Moreover, we show that the correction of λSTO
before the estimation of LCFO and LSTO is crucial for the correct estimation
of these integer offsets, a fact that has been neglected in the literature [40,
50]. To simplify the upcoming equations, we first discuss the estimation
and correction of the fractional CFO as the initial step performed by the
receiver. All subsequent steps are discussed after this partial correction,
thus with λCFO = 0.

3.3.1 Estimating λCFO is Independent of the Other Offsets

We showed in Section 3.2 that the fractional CFO and STO have distinct
effects on the DFT output Y[i]. The former induces a linear phase term that
is continuous across symbols, whereas the phase due to the latter is cyclic
with period N. This cyclical property allows a receiver to estimate λCFO in-
dependently of λSTO. Let ỹl [n] be the l-th window of N samples dechirped
by the receiver, and Yl [i] its N-point DFT. Starting from the time-domain
representation of unmodulated upchirps from (3.4), and by ignoring the
AWGN for now, all upchirps in the preamble are identical, up to a phase
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difference of 2πλCFO

ỹl [n] = ej2π
LCFO+λCFO

N (n+lN) ·
〈
e−j2π

LSTO+λSTO
N n〉

M

= ej2πλCFO ỹl−1[n].

By linearity of the DFT, the same result holds in the frequency domain:
Yl [i] = ej2πλCFO · Yl−1[i]. It has been shown by Bernier et al. that this
property can be leveraged to estimate λCFO by multiplying a DFT bin Yl [i]

with Yl−1
[i], the conjugate of the same bin from the previous upchirp, and

taking the phase of the product

λ̂CFO =
1

2π
angle

(NC

∑
l=2

2

∑
p=−2

Yl [q + p] ·Yl−1
[q + p]

)
, (3.9)

where q = arg maxi |Yl [i]| [50]. To improve the accuracy of the estimate,
the five DFT bins of each symbol centered around the bin of maximum
height are used. In practice, these DFT bins near i = (LCFO− LSTO) mod N
benefit from the processing gain of the modulation, and thus exhibit a
higher SNR. This operation is repeated over NC pairs of successive up-

chirps, and all intermediate products Yl [q + p] · Yl−1
[q + p] are summed

up before computing the final estimate λ̂CFO.

3.3.2 Estimating LCFO and LSTO Depends on λSTO

In Section 3.2, we showed that an STO has an opposite effect on upchirps
and downchirps. Following (3.5) and (3.7), in the absence of AWGN and af-
ter correction of λCFO, the non-coherent ML demodulation decision of (2.7)
for both an upchirp and a downchirp yields

sup = arg max
i
|Y[i]| = (LCFO − LSTO) mod N, (3.10)

sdown = arg max
i
|Yd[i]| = (LCFO + LSTO) mod N. (3.11)

By respectively adding and subtracting sup and sdown, LCFO and LSTO can
be estimated separately to some extent. The estimation of LCFO is first
obtained by adding sup and sdown, and correcting for the modulo effect
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from the DFT [26], [50]:

L̂CFO =
1
2

ΓN

[
(sup + sdown) mod N

]
, (3.12)

where ΓN [i] =

{
i for 0 ≤ i < N

2 ,
i− N for N

2 ≤ i < N.

Once L̂CFO is known, the integer STO can be estimated with the follow-
ing estimator

L̂STO = (L̂CFO − sup) mod N. (3.13)

As a consequence of the wrappings induced by the DFT, it is impossible to
recover both integer components in the range [0, N− 1] without ambiguity.
Owing to the fact that the receiver may start acquiring a symbol at any time
of its transmission, i.e., 0 ≤ LSTO < N, and that ∆ fc may be positive or
negative, the estimation of LCFO is thus bounded to

[
−N

4 , N
4 − 1

]
[50].

Since the estimators (3.12) and (3.13) rely on the demodulation stage
provided by (2.7), the presence of a potential fractional STO increases the
probability of incorrectly demodulating sup and sdown. To the contrary of
the fractional CFO which can be estimated and corrected independently of
the other offsets, the estimation of the integer STO and CFO is sensitive
to the presence of λSTO. To decrease the probability of a synchronization
failure, it is thus crucial to estimate and correct the fractional STO, even
partially, before estimating the integer offsets. We note that in the litera-
ture [40, 50], the fractional STO λSTO is never corrected before the integer
offsets, which strongly increases the probability of wrongly estimating the
integer offsets and thus of experiencing a synchronization failure. None
of the aforementioned works shows the importance of correcting λSTO be-
fore the integer offsets, since none of them presents results for the overall
packet error rate in the presence of all integer and fractional offsets. In par-
ticular, [40] shows good conditional bit error rates (i.e., only for the pack-
ets that managed to synchronize correctly), but the authors do not indicate
how many of the overall transmitted packets actually managed to synchro-
nize. Moreover, Bernier et al. simulate results only under the assumption
of λSTO = 0 [50].
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3.3.3 Estimating the Fractional STO λSTO

Many estimators in the literature have been designed to estimate a frac-
tional frequency ξ of a sinc signal Π(i, ξ) with AWGN (e.g., [57, 58, 59]).

However, due to the additional phase term e−j2π iM
N in (3.8), the expres-

sion of the signal Y[i] after correction of λCFO is not a strict sinc function.
Estimating λSTO with usual estimators therefore requires a priori knowl-
edge of M = dLSTO + λSTOe, which is unknown until the reception of a
downchirp.

Yet, as previously discussed, the fractional STO should preferably be
corrected before estimating LSTO. To avoid the complex joint estimation of
LSTO and λSTO over several symbols, we suggest instead to design an esti-
mator λ̂STO that relies on a prior estimate M̂. This estimator λ̂STO will then
be used iteratively in the synchronization algorithm, with increasingly ac-
curate estimates of M.

Regarding first the specific case when M = 0 (i.e., when Y[i] is a sinc
function with AWGN), the following estimator from [58] is valid

λ̂STO = −Re
[

Y[q + 1]−Y[q− 1]
2Y[q]−Y[q + 1]−Y[q− 1]

]
, (3.14)

where q = arg maxi |Y[i]|. We now extend (3.14) for the general case when
the receiver is affected by an STO such that M 6= 0. This requires correct-

ing the phases of Y[i] to remove the phase term e−j2π iM
N . By assuming the

knowledge of a prior estimate of LSTO (e.g., in an iterative scheme as later
described), and using the approximation M̂ ≈ LSTO to correct the phases
of Y[i], we obtain an estimator relying on the complex values Y[i] of a de-
modulated upchirp:

λ̂STO = −Re

 ej2π M̂
N Y[q + 1]− e−j2π M̂

N Y[q− 1]

2Y[q]− ej2π M̂
N Y[q + 1]− e−j2π M̂

N Y[q− 1]

 . (3.15)

The precision of this estimator depends on the accuracy of the estimate M̂.
The accuracy of the estimate λ̂STO can also be improved by averaging the
complex values {Y[q− 1], Y[q], Y[q + 1]} over several upchirps.

To estimate the fractional STO without an estimate M̂, i.e., without hav-
ing to wait on a downchirp, another estimator λ̂STO that relies only on the
magnitudes |Y[i]| is proposed in [26] and used in [50]. This estimator lever-
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ages the intermediate function

T(λSTO) =
|Π(1, λSTO)| − |Π(−1, λSTO)|

|Π(0, λSTO)|
.

After demodulating an upchirp, the receiver estimates λSTO by inverting
T(λSTO) as follows:

λ̂STO = T−1
(
|Y[q + 1]| − |Y[q− 1]|

|Y[q]|

)
, (3.16)

with q = arg maxi |Y[i]|. Averaging the magnitudes |Y[q]| of consecu-
tive upchirps also enhances the accuracy of (3.16), a fact that is however
not evaluated in the aforementioned works. Although the estimator λ̂STO
of (3.16) is independent of LSTO, this estimator presents a very high vari-
ance due to the derivative of T−1(x) being close to 0 for small values of
λSTO [26]. We show in Section 3.5 that the high variance of this estima-
tor degrades the receiver performance when used naively in a symbol-by-
symbol tracking loop as proposed in [50].

The Root Mean Square Errors (RMSE) of all three estimators (3.9), (3.15)
and (3.16) have been obtained for SF = 8 using Monte-Carlo simulations,
and are presented in Fig. 3.5. The estimators λ̂STO and λ̂STO are evaluated
using upchirps received with an STO τ uniformly distributed in the range
[0, N

B [. The simulation assumes that the receiver has an ideal knowledge of
the integer offset LSTO to estimate the fractional STO λ̂STO. To evaluate the
RMSE of the estimator λ̂CFO from (3.9), a fractional CFO λCFO uniformly
distributed in the range ]−0.5, 0.5] is added to the delayed signal.

We observe in Fig. 3.5 that, for a single upchirp and an SNR of −9 dB1,
the proposed estimator λ̂STO is one order of magnitude more accurate than
the estimator λ̂STO from [26]. We also point out that the estimator of the
fractional CFO exhibits a lower RMSE than both estimators of the frac-
tional STO. The estimators are also evaluated with two or three preamble
upchirps. The averaging of these upchirps is performed differently de-
pending on the estimator, as previously described for each estimator. We
note that using three upchirps instead of one improves the precision of the
estimates by a factor 1.9 for the proposed estimator λ̂STO, but only by a
factor 1.3 for the estimator λ̂STO used by Bernier et al.

1This SNR corresponds to a symbol error rate of 10−4 for a perfectly synchronized receiver
using the non-coherent ML demodulator of (2.7) and uncoded LoRa symbols.

40 |



Designing a Nyquist-Rate Synchronization Algorithm | 3.4

−16 −14 −12 −10 −8 −6 −4

10−2

10−1

100

SNR (dB)

R
M

SE

λ̂STO, 1 upchirp λ̂STO, 3 upchirps

λ̂STO, 1 upchirp λ̂STO, 3 upchirps

λ̂CFO, 2 upchirps λ̂CFO, 3 upchirps

Fig. 3.5 RMSE of the three studied fractional offsets estimators, for SF =
8 and one or several upchirps.

3.4 Designing a Nyquist-Rate Synchronization Algorithm

We showed in the previous section that the estimation of the offsets com-
ponents LSTO, LCFO and λSTO are intertwined. Only the estimation of the
fractional CFO λCFO can be performed independently of the other offsets.
Moreover, since the estimation of the integer offsets requires the demod-
ulation of a downchirp, which is only available at the end of the pream-
ble, the interdependencies between offsets complexify the design of a syn-
chronization scheme. To solve this issue while keeping the implementa-
tion of the receiver as simple as possible, we now design an iterative low-
complexity synchronization algorithm capable of accurately estimating all
offsets components. The proposed synchronization algorithm is then com-
pared to the synchronization algorithm from Bernier et al. [50]. Both al-
gorithms have as input a non-synchronized LoRa packet sampled at the
Nyquist-rate fs = B that follows the model described in Section 3.2.
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Fig. 3.6 Flowgraph of the synchronization algorithm. For each step, the
related parts of the preamble are indicated in red. Un refers to the n-th
full upchirp in the preamble, and D1 to the single full downchirp. Dashed
arrows indicate the CFO and STO components estimated or corrected by
each stage.

3.4.1 Proposed Synchronization Algorithm

The proposed algorithm, whose pseudocode is given in Algorithm 1,
leverages sequentially the different parts of the preamble, by processing a
single symbol at a time. The procedure uses the estimators derived in Sec-
tion 3.3, and estimates the fractional STO λSTO iteratively in two steps. The
algorithm is split in three stages, as shown in Fig. 3.6: first the estimation
of λCFO, then a preliminary estimation of the fractional STO, and finally
the definitive estimation of LCFO, LSTO and λSTO.

Preamble Detection and Estimation of the Fractional CFO
Before delving into the synchronization algorithm itself, the receiver first
implements a preamble detection scheme. It is well-known that the pres-
ence of several consecutive upchirps can be used to detect the start of a
frame [31, 51]. A preamble is detected by a receiver when the same symbol
s, or its neighbors s± 1, are consecutively demodulated [40]. Let yl [n] be
the l-th window of N samples processed by the receiver. Upon a preamble
detection on three consecutive upchirps yl [n], yl−1[n] and yl−2[n], these
symbols are also used to compute the estimate λ̂CFO. This estimate is used
to correct the fractional CFO when demodulating the remaining symbols
of the preamble.

First Correction of the Fractional STO
The next three upchirps of the preamble are dedicated to the estimation of
the fractional STO. The demodulated value s̃up of the fourth upchirp of the
preamble is used as an initial estimation of sup. A temporary estimate λ̃STO

of the fractional STO is then computed using the estimator λ̂STO from (3.15)
with the averaged DFTs of the three upchirps and s̃up as an approximation
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Algorithm 1 Proposed synchronization algorithm

1: l = 0
Preamble Detection and Fract. CFO Estimation:

2: while preamble not detected do
3: l = l + 1
4: Yl [i] = DFT

(
yl [n]� x∗0 [n]

)
, ŝl = arg maxi

∣∣∣Yl [i]
∣∣∣

5: zl = ∑2
p=−2 Yl [ŝl + p] ·Yl−1

[ŝl + p]

6: PreambleDetection
(

ŝl , ŝl−1, ŝl−2
)

7: end while
8: λ̂CFO = 1

2π angle
(

∑1
p=0 zl−p

)
First Correction of the Fractional STO:

9: for m = 1 to 3 do

10: Yl+m[i] = DFT
(

yl+m[n]� x∗0 [n]� e−j2πλ̂CFO
mN+n

N

)
11: end for
12: s̃up = arg maxi

∣∣∣Yl+1[i]
∣∣∣, M̃ =

(
N − s̃up

)
mod N

13: Yavg[i] = ∑3
m=1 Yl+m[i]

14: Compute λ̃STO with {Yavg
s̃up−1, Yavg

s̃up , Yavg
s̃up+1}, M̃ using (3.15)

15: Realign receiver by λ̃STO samples

Final Synchronization Stage:

16: Yl+4[i] = DFT
(

yl+4[n]� x∗0 [n]� e−j2πλ̂CFO
n
N

)
17: Yl+8[i] = DFT

(
yl+8[n]� x0[n]� e−j2πλ̂CFO

n
N

)
18: ŝup = arg maxi

∣∣∣Yl+4[i]
∣∣∣, ŝdown = arg maxi

∣∣∣Yl+8[i]
∣∣∣

19: Compute L̂CFO, L̂STO with ŝup, ŝdown using (3.12) and (3.13)
20: Compute λ̂STO with {Yavg

ŝup−1, Yavg
ŝup

, Yavg
ŝup+1} and

M̂ =
(

N − L̂STO

)
mod N using (3.15)

21: Correct carrier frequency by B/N
(

L̂CFO + λ̂CFO

)
Hz

22: Realign receiver by L̂STO + λ̂STO − λ̃STO + N/4 samples

Processing of the Payload:
23: for m = l + 5 to l + NP + 4 do
24: Ym[i] = DFT

(
ym[n]� x∗0 [n]

)
, ŝm = arg maxi |Ym[i]|

25: end for
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of LSTO, i.e., M̃ = N− s̃up. The receiver subsequently realigns itself in time
to correct the fractional STO using λ̃STO. This first correction of the frac-
tional STO increases the probability of correctly demodulating the symbols
sup and sdown in the final stage of the algorithm. In a practical receiver, if
this correction cannot be applied instantly, only two upchirps should be
averaged in Yavg[i] such that the correction can be performed during the
reception of the upchirp with index l + 3.

Since the estimate M̃ used in the computation of λ̃STO is likely to be
close to LSTO − LCFO instead of M = dLSTO + λSTOe, the accuracy of the
estimate λ̃STO depends on LCFO. We show in Section 3.5 that large offset
values LCFO only slightly increase the probability of packet synchroniza-
tion failure, due to the precision loss of the estimate λ̃STO.

Finally, as the definitive estimation of λ̂STO using (3.15) can only take
place once LSTO is estimated, the averaged DFT bins are stored in memory
until the reception of a downchirp.

Final Synchronization Stage
The final entire upchirp and the single entire downchirp are used to es-
timate ŝup and ŝdown. With these values, the receiver then uses (3.12)
and (3.13) to estimate LCFO and LSTO, respectively. A definitive estima-
tion of λSTO is afterwards computed using (3.15), with M̂ = N− L̂STO and
the DFT bins stored in memory. The receiver performs the final correc-
tion of the CFO and STO using the above estimates and proceeds to the
demodulation of the payload.

Processing of the Payload
After the final synchronization stage, the receiver proceeds to the demod-
ulation of the NP payload symbols as explained in Section 2.1.

3.4.2 Synchronization Algorithm from Bernier et al.

We now briefly introduce the synchronization algorithm presented in
Bernier et al. [50], whose pseudocode is given in Algorithm 2 to ease the
comparison with our algorithm. In [50], the preamble detection and the
estimation of the fractional CFO are performed using all the upchirps of
the preamble, except the last one. The fractional CFO is then corrected
only for the remainder of the preamble. The final upchirp and one single
entire downchirp are used to obtain the symbols ŝup and ŝdown, respec-
tively. The receiver subsequently estimates LCFO and LSTO using ŝup and
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Algorithm 2 Synchronization algorithm from Bernier et al.

1: l = 0
Preamble Detection and Fract. CFO Estimation:

2: while preamble not detected do
3: l = l + 1
4: Yl [i] = DFT

(
yl [n]� x∗0 [n]

)
, ŝl = arg maxi

∣∣∣Yl [i]
∣∣∣

5: zl = ∑2
p=−2 Yl [ŝl + p] ·Yl−1

[ŝl + p]

6: PreambleDetection
(

ŝl , ŝl−1, . . . , ŝl−5
)

7: end while
8: λ̂CFO = 1

2π angle
(

∑4
p=0 zl−p

)
Coarse Synchronization Stage:

9: Yl+1[i] = DFT
(

yl+1[n]� x∗0 [n]� e−j2πλ̂CFO
n
N

)
10: Yl+5[i] = DFT

(
yl+5[n]� x0[n]� e−j2πλ̂CFO

n
N

)
11: ŝup = arg maxi

∣∣∣Yl+1[i]
∣∣∣, ŝdown = arg maxi

∣∣∣Yl+5[i]
∣∣∣

12: Compute L̂CFO, L̂STO with ŝup, ŝdown using (3.12) and (3.13)

13: Correct carrier frequency by B/N
(

L̂CFO + λ̂CFO

)
Hz

14: Realign receiver by L̂STO + N/4 samples
15: Compute λ̂l+5

STO
with {Yl+5[ŝdown + 1], Yl+5[ŝdown], Yl+5[ŝdown − 1]}

using (3.16)

Processing of the Payload:
16: for m = l + 6 to l + NP + 5 do
17: Λm

STO = 1
m−l−5 ∑m−1

k=l+5 Λk
STO + λ̂k

STO
18: Realign receiver by Λm

STO −Λm−1
STO samples

19: Ym[i] = DFT
(
ym[n]� x∗0 [n]

)
, ŝm = arg maxi |Ym[i]|

20: Compute λ̂m
STO

with {Ym[ŝm − 1], Ym[ŝm], Ym[ŝm + 1}] using (3.16)
21: end for

| 45



3 | A Low-Complexity LoRa Synchronization Algorithm

ŝdown, and performs a coarse synchronization which corrects the carrier
frequency with L̂CFO + λ̂CFO and the integer STO using L̂STO, but not the
fractional STO.

The fractional STO is estimated using a tracking loop that relies on the
estimator λ̂STO of (3.16). This tracking loop is enabled after the demodu-
lation of the downchirp, i.e., during the payload, and performs a symbol-
by-symbol estimation of λSTO. Since the STO is considered constant, its
correction for the m-th symbol can be improved by averaging all the previ-
ous estimates of the fractional STO. This averaging is not discussed in [50],
however we include it in the algorithm for a fair comparison, since it im-
proves the performance of their receiver.

Unlike the proposed algorithm, the algorithm from [50] does not lever-
age the upchirps of the preamble to estimate and correct the fractional STO
before the estimation of the integer offsets. As a consequence, the pres-
ence of the uncorrected λSTO increases the probability of a wrong demod-
ulation of the symbols ŝup and ŝdown. Since these symbols are used to
compute LSTO and LCFO, erroneous estimations of the integer offsets fre-
quently arise and strongly deteriorate the performance of the receiver, as
shown in the following section. We also show next that the usage of the
high-variance estimator from (3.16) in a symbol-by-symbol tracking loop
further degrades the performance of their receiver.

3.5 Performance Evaluation

In this section, we assess the performance of our proposed synchroniza-
tion algorithm and we compare it to the performance of the only other
Nyquist-rate low-complexity algorithm in the literature, i.e., the algorithm
from Bernier et al. Simulation results under realistic parameters show that
our algorithm results in a significant improvement of the packet error rate
compared to Bernier et al. In addition, we analyze the impact of large CFO
values on the proposed algorithm. Finally, the error rates of both receivers
for coded LoRa packets are presented and compared to the performance of
a theoretical perfectly synchronized receiver.
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fc

B 125kHz 250kHz 500kHz

433 MHz ±0.07N ±0.03N ±0.02N
868 MHz ±0.14N ±0.07N ±0.03N

Table 3.1 Maximum LCFO offset observed by a LoRa receiver with a crys-
tal precision of 20 ppm for the different standardized bandwidths and ISM
carrier frequencies.

3.5.1 Simulation Parameters

For both our synchronization algorithm and the algorithm in [50], the re-
ceiver samples a signal of bandwidth B = 125 kHz with AWGN at a car-
rier frequency of fc = 868 MHz. The bandwidth of the signal does not
impact the performance of the receiver, except for the range of the CFO, as
explained below. All error rates are evaluated through Monte-Carlo simu-
lations with 105 trials per SNR level. Each packet starts with a preamble, as
described in Section 2.1. The payload consists of NP = 28 modulated LoRa
symbols, either coded or uncoded. The packets reach the receiver through
the channel defined in (3.1). The preamble detection schemes are consid-
ered ideal for both algorithms, i.e., the preamble of a packet is always de-
tected, and do not impact the simulation results. For the simulations with
coding (CR = 4/7), the BICM scheme described in Section 2.1 is simulated
and the receiver implements a deinterleaver and a hard Hamming decoder
after the demodulation stage.

To compare the two algorithms in a realistic simulation setup, we allow
the sampling time offset to take values uniformly in the range τ ∈

[
0, N

B

[
.

The receivers sample the signal at an oversampled frequency f ′s = RB,
with R = 10, to allow a correction of the fractional time offset. For both
algorithms, the oversampled signal is decimated by R before the dechirp-
ing stage, i.e., synchronization and demodulation are done at the Nyquist
frequency fs = B. When a receiver realigns itself in time, it selects the deci-
mation index among the R available that is the closest to the fractional STO
estimated by the synchronization algorithm.

As explained in Section 3.3, and similarly to the SX1276 transceiver [38],
the LoRa receiver studied in this work can only estimate a CFO ∆ fc ∈[
− B

4 , B
4

]
. Considering a typical carrier frequency fc = 868 MHz and the

smallest bandwidth B = 125 kHz, only CFOs ∆ fc up to 36 ppm can be es-
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timated. Low-power IoT end nodes are usually designed with a low-cost
bill of materials, and the crystal oscillators used for the carrier frequency
synthesis often have limited accuracy. For instance, the SX1276 receiver
embeds a crystal with a 20 ppm precision [38], whereas gateways use more
accurate temperature-controlled oscillators. Table 3.1 presents the maxi-
mum LCFO observable among all possible carrier frequencies and band-
widths for a crystal precision of 20 ppm. The chosen simulation parameters
B = 125 kHz and fc = 868 MHz are hence the ones inducing the greatest
integer CFO values. In our simulations, the CFO is always uniformly dis-
tributed in the range ∆ fc ∈ [−20, 20] ppm, unless specified otherwise. The
estimated CFO is corrected by shifting the sampled signal in frequency, as
explained for each studied algorithm in Section 3.4.

3.5.2 Analysis of the Packet Error Rates for SF = 8

Fig. 3.7 shows the overall packet error rate (PER) for our synchronization
scheme and the algorithm from Bernier et al. [50]. The transmitted packets
use SF = 8 and are uncoded. The overall PER (solid lines) is obtained
by applying the synchronization algorithm (either the proposed or the one
in [50]) to the received packets, estimating and correcting all the time and
frequency offsets as each algorithm determines, and finally deciding on
the survival of the packet by checking if all symbols of the payload were
demodulated correctly.

We observe that the algorithm of [50] results in a degraded overall PER
performance (solid orange curve) at high SNRs. On the contrary, we ob-
serve that the PER performance of the proposed algorithm (solid blue line)
is very good and close to the performance of a perfectly synchronized re-
ceiver (thick gray line). For example, to attain an overall PER of 10−2, we
observe that our receiver requires at most 0.5 dB higher SNR than a per-
fectly synchronized receiver.

To provide an in-depth understanding of the performance of both algo-
rithms, we deconstruct the overall packet error rate into two error events.
The first error event corresponds to a synchronization failure which results
in a complete packet loss. This happens when, after estimation and correc-
tion, the residual offsets prevent the receiver from correctly demodulating
any symbol in the payload, even in the absence of noise [31]. The sec-
ond error event, i.e., a payload error, arises when the receiver manages to
correctly synchronize to the packet, but experiences demodulation errors
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Fig. 3.7 PERs of the proposed algorithm and the algorithm from [50] for
uncoded LoRa with SF = 8 and NP = 28 payload symbols. The thick gray
line shows the PER for a perfectly synchronized receiver.

in the payload due to small residual offsets and AWGN. We note that the
overall PER shown in Fig. 3.7 for both algorithms is agnostic to the defini-
tion of these two error events.

Regarding the first error event, we consider that the algorithm is effec-
tively unable to synchronize to a packet if, after the estimation and cor-
rection of all four integer and fractional offsets, the demodulated symbols
obtained using (2.7) are all wrong even in the absence of AWGN. This hap-
pens when |L̂CFO + λ̂CFO−

N∆ fc
B − L̂STO− λ̂STO + Bτ| > 0.5, since a resid-

ual total offset greater than 0.5, i.e., the middle point between two samples,
shifts the position of a symbol s in frequency to a DFT bin index other than
s. A shift greater than 0.5 thus prevents the receiver from correctly de-
modulating any symbol in the payload, even in very high SNR regions
or in the total absence of noise [31]. We note that the above definition,
which treats time and frequency offsets in a unified manner, inherently
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takes into account the case where a residual integer CFO compensates for
a residual integer STO. Such a case results, in the absence of AWGN, in
a correct demodulation of the payload and is hence not considered as a
synchronization failure. It however introduces a small inter-symbol inter-
ference (ISI) which degrades the performance during the demodulation of
the payload [31].

The second error event concerns demodulation errors in the payload
that are caused by AWGN. As explained in Section 3.2, residual fractional
offsets left after the synchronization stage increase the probability of de-
modulation errors. Let λres = L̂CFO + λ̂CFO −

N∆ fc
B − L̂STO − λ̂STO + Bτ

be the total residual fractional offset that remains after the synchroniza-
tion stage, where λres < 0.5. When both integer offsets are successfully
corrected, and following (3.5), the DFT of a modulated symbol s becomes
Y[i] = N ·Π(i− s, λres) + Z[i], i.e., the impact on the demodulation of both
residual fractional offsets becomes indeed equivalent and equal to λres. At
a given SNR and spreading factor, the payload error probability is strongly
influenced by the distribution of the residual values λres left by the syn-
chronization stage.

In Fig. 3.7, we observe that the synchronization failure probability is
limiting the performance of the algorithm of [50], especially in high SNR
regions. This is because Bernier et al. does not correct the fractional STO
during the preamble, but only during the payload. The uncorrected frac-
tional STO increases the probability of wrongly demodulating the pream-
ble symbols, and thus of incorrectly estimating the integer offsets. On the
contrary, our proposed algorithm, which estimates and corrects the frac-
tional STO during the preamble, accurately estimates both integer offsets,
even for low SNR values, resulting in a synchronization failure probability
that does not limit the overall performance.

Moreover, the receiver from [50] also exhibits higher payload error prob-
abilities than our receiver. This stems from the fact that the function used
by the estimator of the fractional STO has a horizontal inflection point at
the origin [26]. As such, the inverse function has a vertical tangent at the
origin (see also Fig. 9 of [50]) that increases the variance when estimat-
ing very small offsets, leading therefore to instabilities in the estimation of
the fractional STO in the tracking loop [26]. On the other hand, thanks to
the low-variance estimator λ̂STO of (3.15) that is using three upchirps in
the preamble, our receiver is capable of accurately correcting the fractional
STO, a fact that results in much improved payload error probability.
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Fig. 3.8 Cumulative Distribution Function of the residual fractional error
λres for the proposed algorithm versus the algorithm from [50] and differ-
ent SNR values, with SF = 8 and NP = 28. Only correctly synchronized
frames are included in the metric.

To better assess the impact of the residual fractional offsets on the pay-
load error probability, in Fig. 3.8 we plot the cumulative distribution func-
tion (CDF) of the worst-case λres value for both algorithms. We note that
the estimator used in the proposed algorithm results in the same value
(which can also be considered worst) for all 28 symbols, since the estima-
tion is performed during the preamble. For the algorithm of [50], we do not
consider the values λres after the first demodulation error, to avoid affect-
ing the CDF by the error propagation in the tracking loop (the estimation
in the tracking loop may become completely unstable when the DFT bin
of a symbol is not correctly identified). Since both algorithms use the same
estimator for the fractional CFO, the differences between the CDFs mainly
illustrate the differences of residual errors on the fractional STO.

For the receiver of [50] and an SNR of−9 dB, 60% of the packets contain
at least one payload symbol that experiences a residual offset λres greater
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than 0.2. Such high values of λres significantly increase the probability of
a wrong demodulation of a symbol. Regarding our proposed receiver, we
observe that for the same SNR more than 95% of the synchronized packets
experience a very low residual fractional error λres that is below 0.1 during
the demodulation of the payload. As illustrated in Fig. 3.2, such very low
fractional offsets have a small impact on the demodulation performance.

All the above results strongly illustrate the need for the receiver to cor-
rect the fractional offsets before estimating the integer offsets, as well as
the need to use an estimator for the fractional STO with a small variance.
Overall, the performance evaluation indicates that both the early correction
of the fractional CFO and STO and the use of the more accurate estimator
λ̂STO instead of λ̂STO enable our proposed receiver to attain PERs of 10−3

in low SNR regions that are relevant for LoRa. On the contrary, the receiver
from [50] levels off at an error floor for the overall PER that is between 10−1

and 10−2.

3.5.3 Impact of the CFO Range on the Performance

As explained in Section 3.4, the proposed algorithm iteratively estimates
the fractional STO in two steps. The first estimate λ̃STO is computed with
the approximation M̃ = N − s̃up instead of M̂ = L̂STO. In practical SNR
regions, we have s̃up ≈ LCFO − LSTO and the accuracy of the approxima-
tion M̃ thus depends on the value of LCFO. Large values of LCFO decrease
the precision of λ̃STO, which in turn increases the probability of wrongly
estimating the integer offsets LCFO and LSTO and of experiencing synchro-
nization failures. Unlike our receiver, the receiver from [50] does not use
a similar approximation, its synchronization failure probabilities hence do
not depend on the value of LCFO when ∆ fc ∈

[
− B

4 , B
4

]
.

In Fig. 3.9 we show the overall PER of the proposed synchronization
algorithm for SF = 8 and different ranges of CFO. We observe that CFO
values below 24 ppm only induce a negligible deterioration of the PER.
However, obtaining a PER of 10−2 with CFO in the range [24, 35] ppm
requires 1 dB stronger SNR than for ∆ fc = 0. This loss increases to 2.5 dB
for a PER target of 10−3. Nevertheless, such large CFO values are unlikely
to arise in practice as 20 ppm is the expected maximum offset for oscillators
in commercial receivers [26].
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Fig. 3.9 PER of the proposed synchronization algorithm for uncoded
LoRa with different CFO ranges, B = 125 kHz, fc = 868 MHz, SF = 8
and NP = 28. The PER of the receiver from [50] does not depend on the
CFO range.

3.5.4 Packet Error Rates for Coded LoRa

Fig. 3.10 presents the overall PER of the proposed synchronization algo-
rithm and the algorithm from [50] for three different SFs when a code rate
CR = 4/7 is used. Regarding first the receiver of [50], due to the predom-
inance of synchronization failures as described previously, its error rates
level off for all SFs at error floors between 10−1 and 10−2. We do not ob-
serve any gain due to coding gain for the overall PER of [50], since the
performance in that case is limited by the synchronization failures in the
preamble, which is uncoded.

On the contrary, our proposed receiver does benefit from the Hamming
code, especially in low SNR regions. The hard-decoding stage indeed de-
creases the probability of experiencing payload errors [60], which are the
dominating error events for our receiver at low SNR. For a target PER of
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Fig. 3.10 PER of the proposed algorithm and the algorithm from [50] for
coded LoRa with different SFs, NP = 28 and a Hamming code (4, 7). The
thick gray lines show the PER for a perfectly synchronized receiver.

10−1 and SF = 8, we observe 1 dB gain between the coded scenario from
Fig. 3.10 and the uncoded scenario showed in Fig. 3.7. This gain however
decreases at higher SNRs as synchronization failures tend to become the
dominating error events. Whereas our receiver requires only 1 dB higher
SNR than a theoretical perfectly synchronized receiver to reach a 10−3 PER
in the absence of coding, this difference increases to 2 dB with coding. In
the latter scenario, only synchronization failures significantly cause packet
errors, whereas in the uncoded case, the probabilities of experiencing a
synchronization failure or a payload error are almost identical, as shown
in Fig. 3.7.
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3.6 Complexity Analysis

We finally discuss the complexity of our proposed synchronization algo-
rithm and the algorithm of [50]. Both algorithms rely on the conventional
demodulation stage of a LoRa receiver, with some additional computa-
tions and memory requirements. All synchronization computations are
performed at the Nyquist-rate fS = B, as explained in Section 3.5. We
show that the overhead of the synchronization is minor compared to the
complexity of the demodulation stage itself.

The proposed algorithm and the algorithm from [50] use similar esti-
mators for the fractional CFO and for the integer offsets. Estimating the
integer offsets LCFO and LSTO involves only three simple arithmetic op-
erations. The estimator λ̂CFO requires a single angle computation and a
constant, but small, number of complex Multiply and Accumulate (MAC)
operations, as listed in Table 3.2. Regarding the fractional STO, both our
estimator λ̂STO from (3.15) and the estimator λ̂STO from (3.16) carry out
a fixed number of arithmetic operations on three DFT outputs Yi, includ-
ing one complex division. It is worth underlining that the latter estimator
requires an inversion of the non-linear function T(x), whereas the former
does not and is hence simpler to implement.

Offset Operations
LCFO, LSTO Two integer additions, one integer division

λCFO 11 complex MACs, 1 angle

λSTO
6 complex additions, 10 complex MACs

2 complex divisions

Table 3.2 Operations carried out by the proposed algorithm per packet
to estimate the integer and fractional parts of the STO and CFO.

The algorithmic complexity of the demodulation stage given in (2.7) is
O(N log N) when the DFT is implemented using a Fast Fourier Transform
(FFT), and hence depends on the spreading factor. This stage also requires
the storage of N samples in memory, since the dechirping operation and
FFT can be performed in place. As the studied synchronization algorithms
involve only a constant and limited number of operations, their computa-
tional cost is negligible compared to the complexity of the demodulation
stage, especially for large spreading factors.

In summary, our proposed synchronization algorithm exhibits a very
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low computational overhead, similar the algorithm of Bernier et al. but with
much better performance results. This low complexity allows a straightfor-
ward implementation of the algorithm on the ULP SDR platform that will
be introduced in Chapter 4.

3.7 Discussion and Summary

In this chapter, we designed and evaluated a synchronization algorithm
for Nyquist-rate LoRa receivers that is robust to both carrier frequency
and sampling time offsets. We derived a new low-variance estimator for
the fractional STO, since an accurate correction of this offset is crucial to
reach the low sensitivity levels provided by the CSS modulation. We also
showed that for a sampling frequency fs = B, the estimation of this frac-
tional component is intertwined with the estimation of the integer parts of
the STO and CFO.

To avoid a complex joint estimation of these offsets, we proposed in-
stead a low-complexity synchronization algorithm that iteratively estimates
the fractional STO using the new estimator. For a target packet error rate
of 10−3, performance evaluations show that a LoRa receiver using the pro-
posed synchronization algorithm and a hard Hamming decoder requires
only 1 or 2 dB higher SNR compared to a perfectly synchronized receiver,
depending on the code rate. Finally, beside its good performance, the pro-
posed synchronization algorithm also requires only very few additional
computations compared to the demodulation stage of a Nyquist-rate LoRa
receiver, which thus makes it a good candidate for the LoRa SDR presented
in the next chapter.
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A sub-mW Cortex-M4 MCU

for IoT Software-Defined
Radios

The traditional architecture of LPWAN radios, implemented in hardware
and often tied to a single protocol, limits the reconfigurability of IoT end
nodes and thus their effective lifetimes. We discussed in Chapter 1 that this
absence of interoperability with other standards worsens the environmen-
tal burden of IoT applications. In particular, the arrival in the future of new
LPWAN technologies may trigger the replacement of the already deployed
end nodes, since these devices cannot be upgraded to newer standards and
otherwise require the expensive maintenance of legacy networks.

Multiple radio access technologies (multi-RAT), and SDRs in particular,
have the potential to improve the interoperability of IoT end nodes. In this
chapter, we study the software implementation of LPWAN PHY layers on a
general-purpose MCU processor. This approach allows to change the com-
munication protocol by means of a software update, even after the device
has been deployed. Yet, since IoT devices are often energy-constrained,
the underlying challenge is to implement the digital baseband processing
in software while maintaining a very low power consumption. To over-
come this problem, we propose a complete MCU architecture that follows
the approach from [61] by offloading the generic signal processing to a con-
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figurable hardware accelerator. A software implementation running on a
general-purpose low-power processor is then responsible for the protocol-
specific digital baseband computations.

In this chapter, we describe and evaluate the implementation of two
commercial LPWAN protocols, namely Sigfox and LoRa, on our custom
MCU architecture that has specifically been designed for LWPAN SDRs.
We first analyze in Section 4.1 the literature on multi-RAT for IoT devices,
and we explain why the LPWAN SDR architecture of [61] is the best trade-
off between implementation flexibility and performance. In Section 4.2, we
conduct a hardware/software co-design of the MCU architecture, includ-
ing the selection of the processor (CPU). We then describe in Section 4.3 the
software implementation of the LoRa and Sigfox PHY layers on this partic-
ular MCU architecture. Finally, thanks to a prototype fabricated in 28 nm
FDSOI, we perform in Section 4.4 an experimental evaluation of both SDR
implementations in a testbed and we discuss their performance.

4.1 Motivations and Related Works

Several approaches have been proposed in the literature, or implemented
in commercial devices, to provide multi-RAT to IoT end nodes. These so-
lutions can be classified into three categories: end nodes stacking several
hardware radios, integrated hardware radios implementing multiple PHY
layers, and SDRs whose PHY layer can be updated. In this section, we con-
duct a brief survey on multi-RAT implementations that follow the afore-
mentioned approaches, and we finally motivate why SDRs on ULP MCUs
are a promising solution to enhance the lifetime of IoT devices.

4.1.1 Devices Stacking Multiple Hardware Radios

The authors of [62] and [63] suggest combining several hardware LPWAN
radios in a single IoT end node to benefit from the integration of multiple
wireless technologies. The underlying idea is to design a hardware plat-
form with an embedded MCU, which may already include an integrated
LPWAN radio, and to add one or several external radio modules featuring
different PHY layers.

A dual-RAT prototype built around an STM32F21x MCU (featuring an
ARM Cortex-M3 CPU and 512 kB of flash memory) with two external LP-
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WAN radios (LoraWAN and NB-IoT) is demonstrated in [63]. Each radio is
responsible for a single protocol, but both transceivers can be used concur-
rently thanks to a multi-threaded software implementation. The authors
demonstrate the feasibility of a multi-RAT device with two external ra-
dios, but very little analysis of the presented design is conducted (e.g., the
power consumption and efficiency of the prototype is barely addressed).

An open-source multi-RAT platform supporting three LPWAN stan-
dards (LoRaWAN, Sigfox and NB-IoT) is presented in [62]. The platform
consists of an MCU Murata module (featuring an ARM Cortex-M0+ CPU
and an integrated SX1276 transceiver), a custom NB-IoT extension shield
with a Quectel BG96 module, and a power management unit (PMU). The
integrated SX1276 radio provides both LoRaWAN and Sigfox connectiv-
ity. The PMU contains two coulomb counters that allow to independently
evaluate the power consumption of the Murata module and of the NB-
IoT shield. For short packets (i.e., payloads between 1 and 12 bytes), the
energy required by the platform to transmit one bit of data is 3.6, 20.5
and 27.2 mJ/bit for LoRaWAN, Sigfox and NB-IoT, respectively. In the
case of LoRaWAN and NB-IoT, which allow longer payloads, the energy
per bit however strongly decrease with the length of the packet (down
to 0.46 mJ/bit for NB-IoT and payloads longer than 256 bytes). These
measurements confirm that multi-RAT devices provide different operating
modes that allow to trade energy for coverage, payload size or reliability
simply by changing the communication protocol.

4.1.2 Multi-PHYs Hardware Radios

A second solution for IoT multi-RAT consists in the design of transceivers
implementing several protocols. Infrequently, some commercial MCUs or
external radios follow this approach for protocols that share the same fre-
quency bands, since the same RF front-end can be re-used. For instance,
the Semtech SX1276 transceiver implements the LoRa PHY layer [38], but
also a generic (G)FSK modulation that can be configured to match the spec-
ifications of Sigfox [62].

Regarding MCUs with integrated radios, the STMicroelectronics MCUs
of the STM32WL5x family embed a sub-GHz on-chip radio supporting
the LoRaWAN, Sigfox and W-MBus protocols [64]. In the 2.4 GHz fre-
quency bands, the Nordic nRF52833 MCU provides connectivity for Blue-
tooth (Low Energy and Mesh), NFC and IEEE 802.15.4 with Zigbee [65].
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4.1.3 LPWAN Software-Defined Radios

Nevertheless, the two previously discussed approaches do not allow to
support protocols that were not considered when designing the end node,
or protocols that are yet to come. Upgrading existing nodes by stacking
new external radios is also not always a possible solution due to design-
and application-specific limitations (compatibility, size, cost, ...). A more
flexible approach consists in the design and deployment of software-defined
radios [61, 66, 67].

In an SDR, the RF front-end is designed to be parameterizable while
most of the digital baseband (DBB) computations of the PHY layer are per-
formed in software by a processor or a reconfigurable accelerator. Such an
architecture enables updates of the communication protocol, and therefore
allows a device, during its expected lifetime, to switch from one standard
to another or simply to follow the latest revisions of a protocol. However,
the main challenge of SDRs for IoT end nodes is to execute the DBB pro-
cessing in software with a power consumption that fits in the 1–10 mW
budget of LPWAN transceivers [16]. Three different architectures have
been proposed in the literature to tackle this challenge.

In [66], the DBB computations are offloaded to a reconfigurable base-
band accelerator specifically designed for LPWAN protocols. The accelera-
tor datapath includes a register file, parallel arithmetic logic units (ALUs),
a multi-level output adder tree to merge the outputs of the ALUs and a
scalar computations unit. The ALUs and the adder tree can be reconfig-
ured to implement DBB kernels (such as low-pass filters or matched filters)
of a given PHY layer. The receiver datapaths of two protocols (Bluetooth
Low Energy and IEEE 802.15.4 OQPSK) are implemented in the accelerator
and evaluated. Nonetheless, the overall architecture is rather rigid and the
set of configurable DBB kernels does not allow to implement all LPWAN
protocols or algorithms (e.g., the FFT kernel is missing for the LoRa PHY).

In [67], an SDR platform for experimental IoT communications run-
ning on a generic MCU and a reprogrammable field-programmable gate
array (FPGA) is presented. The large price ($55), bulky size and important
power consumption (around 100 mW in Rx) of the platform are however
incompatible with the specifications of cheap, small and low-power IoT
end nodes.

In [61], the authors observe that most LPWAN standards share very
similar characteristics (i.e., the use of small bandwidths in sub-GHz bands).
They therefore propose an MCU architecture (shown in Fig. 4.1) with a
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Fig. 4.1 Architecture of an IoT software-defined radio with a com-
mon sub-GHz RF front-end, a configurable digital front-end (DFE) and a
general-purpose processor performing the protocol-specific digital base-
band (DBB) computations.

single common RF front-end, a configurable digital front-end (DFE) that
executes the generic baseband operations (e.g., low-pass filtering), and a
general-purpose low-power CPU that carries out the protocol-specific DBB
computations. The authors simulate a GFSK demodulation algorithm for
Bluetooth Low Energy on a MCU design in 28 nm FDSOI with a low-power
RISC-V processor. Simulation results indicate that for a 1-MHz symbol
rate, the MCU requires a CPU frequency of 114 MHz and attains an esti-
mated peak power consumption of 1.6 mW.

Out of the three studied architectures, only the architecture of [61] shows
enough flexibility to implement PHY layers with different DBB algorithms,
while maintaining a sufficiently low area overhead and power consump-
tion. Yet, the work of [61] only conducts a preliminary evaluation of the
proposed SDR architecture through simulation. A proof-of-concept low-
power design actually implementing several standards is so far still miss-
ing in the literature. The objective of this chapter is therefore to design,
fabricate and evaluate the first prototype of an SDR platform for LPWAN
protocols running on a general-purpose ULP MCU. 1

4.2 Designing a MCU Architecture for IoT SDRs

In this section, we explore several key architectural issues when design-
ing an ULP SDR-capable MCU. We first motivate the choice of the ARM
Cortex-M4 as CPU for the digital signal processing (DSP) of LPWAN phys-

1The proposed prototype has been designed with other researchers of the ECS group. This
chapter describes in details only the contributions of the author to the prototype.
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ical layers. We then explain the hardware implementation of our DFE. The
overall architecture of our custom ULP MCU with the different peripherals
(memories, DFE, ...) is eventually described.

4.2.1 Low-Power CPU Exploration

In the general architecture presented in Fig. 4.1, one of the most critical
design choices consists in the selection of the general-purpose processor.
Indeed, more advanced CPUs require fewer cycles to carry out a given
operation, which therefore lowers the minimal CPU frequency at which
the DSP needs to run. On the other hand, such processors also require a
greater silicon area and consume more energy per cycle compared to low-
area and low-power CPUs. The CPU choice hence amounts to a trade-off
between the minimum required frequency, the consumed energy per cycle
and the occupied silicon area.

During the exploration phase of the microcontroller design, we con-
sidered three different popular low-power CPUs for IoT MCUs: the ARM
Cortex-M0, Cortex-M3 and Cortex-M4. These 32-bit processors all share a
RISC instruction set and feature a 32-bit three-stage pipeline. The Cortex-
M0 features the lowest area by implementing a Von Neumann architecture
with a unique memory for both program and data, whereas the Cortex-
M3 and M4 occupy more area by relying on a Harvard architecture, with
distinct program memory (PMEM) and data memory (DMEM). Moreover,
contrary to the other cores, the Cortex-M4 also contains two 16-bit single-
instruction multiple-data (SIMD) lanes to accelerate fixed-point DSP com-
putations. These additional SIMD instructions allow the Cortex-M4 to ef-
ficiently carry out DSP computations on pairs of Q16 fixed-point numbers.
For instance, the SMUAD instruction performs two multiplications on two
pairs of Q16 numbers and returns their sum in a single cycle. This in-
struction allows an efficient implementation of the multiplication of two
complex 16-bit numbers.

When performing the CPU selection, we conducted benchmarks with
two DSP kernels implemented in the ARM CMSIS DSP library. These
kernels are used in our software implementations of the LoRa and Sigfox
PHYs: a 256-point complex FFT and a FIR filter with decimation (63 taps,
decimation factor of 52), both in Q16 fixed point representation. Fig. 4.2
shows the number of CPU cycles required for each kernel and the three
studied processors. Compared to the Cortex-M0, we observe that the Cortex-
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Fig. 4.2 CPU cycles required for a Q16 complex 256-point FFT and a FIR
filtering and decimation of 260 Q16 complex samples (63 taps, decimation
factor of 52) for three low-power ARM Cortex-M CPUs.

M3 requires 40% and 46% less CPU cycles to perform the FFT and the FIR
filtering, respectively, thanks to its Harvard architecture. In the Von Neu-
mann architecture, the Cortex-M0 needs to stall for one cycle to retrieve
every data word (e.g., a FIR filter coefficient) since the retrievals of the next
instructions and the data word cannot be parallelized. The Cortex-M3 and
M4 do not suffer from this limitation. Furthermore, running the complex
FFT on the Cortex-M4 instead of the M3 further reduces the number of
cycles by 64%, thanks to SIMD instructions such as SMUAD.

This benchmarking illustrates the importance of selecting a sufficiently
advanced CPU to attain both a real-time and energy-efficient software pro-
cessing of LPWAN PHYs. To minimize their power consumption, ULP
MCUs often rely on low supply voltages, which also imply low CPU fre-
quencies. As such, ULP MCUs usually exhibit minimum energy points
below 50 MHz [68]. Overall, the Harvard architecture and the SIMD DSP
instructions of the Cortex-M4 offer a 4.65× speed-up for the complex FFT
compared to the M0, at the cost of a CPU area only ≈ 3× larger in a
28 nm FDSOI technology [68, 69]. For the non-coherent ML LoRa detec-
tor of (2.7) and SF = 8, solely executing the complex 256-point FFT at the
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Operation # cycles / sample
Sampling

freq.

Required

CPU freq.

Q16 FIR Filter &

Decimate (16 taps)‡ 23.2 2 MHz 46.4 MHz

Q16 256-point FFT 57.4 125 kHz 7.2 MHz

‡ Offloaded to a hardware accelerator in this work.

Table 4.1 Required ARM Cortex-M4 CPU frequency for the two most
intensive DSP operations of the LoRa baseband Rx chain.

Nyquist sampling frequency of 125 kHz already requires a minimum CPU
frequency of 33.48 MHz (versus only 7.2 MHz for the M4). Since running
the entire LoRa Rx chain on the Cortex-M0 would need high CPU frequen-
cies (> 100 MHz), which would in turn require a higher supply voltage
and therefore be energy inefficient, and since the Cortex-M3 and M4 have
similar areas while the latter is computationally superior, we opted for the
Cortex-M4 in our MCU architecture.

4.2.2 Hardware Offloading of Rx Low-Pass Filtering

As LPWAN protocols use different modulations with various data rates
and signal bandwidths, both the sampling frequency of the baseband sig-
nal and its low-pass filtering in Rx have to be configurable. In the proposed
architecture, we assume that the RF front-end has a single analog low-pass
filter with a fixed cut-off frequency. The proper low-pass filtering to the
actual bandwidth of the sampled signal must hence be done in the dig-
ital domain. A first solution would be to perform the low-pass filtering
and decimation in software. Table 4.1 shows the required CPU frequency
to carry out in software the two most intensive DSP operations of the Rx
LoRa baseband chain implemented in this work: the low-pass FIR filtering
with decimation and the complex FFT used to demodulate LoRa symbols.
Since the low-pass filtering is performed at a higher frequency than the
demodulation (oversampling rate R = 16 to allow subsequent timing syn-
chronization), the FIR filter is one order of magnitude more computation-
ally intensive than the FFT and would require a minimum CPU frequency
of 46.4 MHz for its sole execution.

To reduce the energy consumption of the SDR, we offload instead the
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Fig. 4.3 Low-area digital implementation of the FIR filtering and decima-
tion unit in the DFE. All registers are clocked with the same clock running
at the frequency fs.

generic low-pass filtering to a configurable hardware accelerator. This
hardware accelerator is illustrated in Fig. 4.3. We implemented a low-area
FIR filter with two multipliers and two accumulators, each of these operat-
ing on the in-phase and quadrature sample streams in parallel. The num-
ber of filter taps is equal to the decimation factor R, which allows carrying
out a single multiply-and-accumulate operation per in-phase or quadra-
ture input sample. The weights and the decimation factor of the FIR filter
are configurable by the CPU through the AHB bus, as well as the decima-
tion index, i.e., the relative input sample offset at which the computation
of a new output sample begins. The programming of the decimation index
enables a fine-grain time synchronization before the signal is decimated to
a lower frequency and demodulated.

4.2.3 Microcontroller Architecture with Digital Front-End

Fig. 4.4 shows the architecture of the proposed SDR-capable MCU, code-
named SleepRider [68]. The design contains an ARM Cortex-M4 CPU,
two 32-kB high-density (HD) SRAM memories, a Direct Memory Access
(DMA) controller, a custom digital front-end (DFE), a unified frequency
and back-bias regulation (UFBBR) unit and I/O peripherals. Except for
the PMEM, the CPU and all other blocks share a single memory bus to
exchange data. SleepRider MCU was designed for ULP consumption in
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Fig. 4.4 Architecture of the proposed SDR-capable SleepRider microcon-
troller, with the silicon area usage of the underlying blocks.

28 nm FDSOI with various techniques, including ultra-low supply voltage
(0.4V) for its logic [68]. The UFBBR unit jointly generates the main system
clock and the back-bias voltages of the FDSOI transistors to compensate
for PVT variations. The frequency of the system and CPU clock is pro-
grammable and spans from 12 to 80 MHz.

To minimize the power consumption, the protocol-independent base-
band processing is offloaded to a DFE. Our custom DFE contains the FIR
filtering and decimation unit previously described, and directly interfaces
with the RF front-end and the data memory bus. The DFE features sev-
eral configurable parameters to enable software implementations of IoT
protocols with different characteristics (e.g., bandwidth, signaling rates).
First, the DFE logic uses an external clock as reference sampling clock. The
nominal frequency of the DFE clock is 2 MHz2, but it can be adapted to
match the signaling rate of the targeted PHY layer. Frequency dividers in

2The RF front-end used in this work has Rx low-pass filters with a minimum cut-off fre-
quency of 0.75 MHz. The sampling frequency of the DFE must hence be above 1.5 MHz to
avoid aliasing.
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the DFE further allow to divide the external clock by 2, 4, 8 or 16 to gen-
erate the sampling frequency fs at the RF front-end. Similarly, the weights
and the decimation rate R (between 1 and 16) of the FIR filter can also be
configured following the targeted waveform specifications.

The DFE contains separate datapaths and control logic for the Tx and
Rx chains. In Rx, the block retrieves baseband samples from the RF chain at
an oversampled frequency fs. The oversampled samples are first low-pass
filtered using the FIR filter and then decimated to the baseband frequency
fs/R. In Tx, the DFE directly transfers samples to the RF front-end without
performing upsampling, i.e., the sampling rate is directly equal to fs. In
either Tx or Rx, the digital samples retrieved from or sent to the RF front-
end are complex baseband samples coded on 2x12-bit fixed point numbers.
Since the CPU contains two 16-bit SIMD lanes, these 12-bit words are ex-
tended to (resp. truncated from) 16 bits before entering (resp. leaving) the
memory bus.

To alleviate the CPU load by avoiding costly context switches, the DMA
controller is responsible for transferring the 32-bit complex baseband sam-
ples between the DMEM and the DFE. The memory transfers are organized
as follows. The CPU first defines windows of L complex samples in the
DMEM and indicates the length of these windows to the DFE. In Tx, when
the CPU has modulated L samples, it configures the DMA to transfer the L
32-bit words to the DFE. The rate of the memory transfers is determined by
the baseband frequency fs/R, i.e., the DFE processes one complex sample
at a time and only requests a new sample to the DMA controller when it
has transmitted the previous one to the RF front-end. Similarly, in Rx, the
CPU first configures the DMA controller for L transfers, and the DFE then
issues for each new decimated sample a 32-bit transfer request to the con-
troller. When L samples have been transferred, the DFE raises an interrupt
request (IRQ) to the CPU, indicating that the window has been transmitted
(in Tx) or is ready to be demodulated (in Rx).

4.3 Software Implementation of LPWAN PHYs

Since LoRa and Sigfox use the same sub-GHz ISM spectrum, whereas NB-
IoT employs separate licensed frequency bands, the first two standards are
a perfect match to demonstrate the multi-RAT capabilities of the proposed
MCU architecture. In this section, we explain how the LoRa and Sigfox
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Fig. 4.5 Block diagram of the LoRa DBB processing for B = 125 kHz.

PHY layers have been implemented on our SDR-capable MCU. The Sigfox
PHY layer is also briefly described.

Both DBB implementations are coded in C and rely on the ARM CM-
SIS DSP library, which provides complex DSP routines optimized for the
Cortex-M4. All DSP software operations are executed in Q16 fixed-point
to benefit from the SIMD instructions of the CPU.

4.3.1 LoRa: a Spread-Spectrum Symmetric PHY Layer

We first describe our software implementation of the LoRa PHY layer, which
is illustrated in Fig. 4.5. In the Tx chain, the whitening, Hamming cod-
ing, interleaving operations are straightforwardly implemented in C using
bitwise operations. LoRa symbols are generated using (2.1) with an over-
sampling rate R = 2 to obtain a spectral representation close to the signal
generated by the reference transceiver SX1276 [38]. To transmit symbols in
real time, the software relies on two ping-pong buffers. The CPU computes
the modulated samples and stores them in one buffer, while the DMA con-
troller transfers the samples from the other buffer to the DFE. After the
transmission of an entire buffer, the DFE notifies the CPU with an IRQ and
the roles of the ping-pong buffers are exchanged. If the CPU fills one buffer
before the transmission of the other buffer, it waits for an IRQ of the DFE.
The DFE frequency is set fs = 2B and the ping-pong buffers hence contain
a single LoRa symbol of 2N complex samples each, as shown in Fig. 4.6.

In Rx mode, the DFE frequency is set to fs = 16B (R = 16). The DFE
is configured to filter the received signal from the RF front-end according
to the spectral representation of LoRa symbols and to decimate it to the
Nyquist frequency B. The DMA transfers the decimated samples from the
DFE to the DMEM. The first stage of the Rx chain is a first-order IIR filter
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y[n] = αy[n − 1] + 1+α
2 (x[n]− x[n− 1]) (α = 0.9) that removes a resid-

ual DC offset from the RF front-end. To perform a real-time demodulation
of the received samples, the Rx chain also uses two adjacent ping-pong
buffers and a buffer storing x0[n], the conjugate of the base waveform, as
shown in Fig. 4.6. When a ping-pong buffer is full, the DFE notifies the
CPU with an IRQ and the processor demodulates it by dechirping the sam-
pled signal with the sequence x0[n] stored in memory and by computing
the FFT.

Before demodulating payload symbols, the receiver first needs to de-
tect the preamble of an incoming packet and to synchronize to the trans-
mitter. We showed in Chapter 3 that both the preamble detection and syn-
chronization stages of a LoRa receiver can be implemented using the ML
non-coherent demodulator of (2.7). A preamble is detected when the same
symbol is repetitively demodulated. The receiver synchronization requires
the correction of a CFO ∆ fc and an STO τ. A receiver that is not synchro-
nized in time retrieves windows of N samples containing two consecutive
partial chirps instead of a single entire chirp.

The preamble detection and the estimation of the STO and the CFO
are implemented following the synchronization algorithm derived and de-
scribed in Chapter 3. The estimators of Algorithm 1 are straightforwardly
implemented in C using the CMSIS DSP library, which leverages the SIMD
DSP instructions of the CPU. The remaining of this description hence fo-
cuses on the correction of both offsets using the estimates τ̂ and ∆̂ fc of the
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STO and CFO, respectively. The CFO is corrected by multiplying the refer-

ence waveform x0[n] in memory by e−j2πn∆̂ fc
N
B . The estimated STO is split

into integer L̂STO and fractional λ̂STO parts. The integer STO is corrected
by treating the two adjacent ping-pong buffers as a single circular buffer
of two symbols, as illustrated in Fig. 4.6. The DSP routines of the CMSIS
DSP library required by the demodulation (complex multiplication, FFT
and magnitude computation) have been rewritten to properly handle this
circular buffer. The processor can hence start the demodulation of a sym-
bol anywhere in the circular buffer, depending on L̂STO. The fractional STO
λSTO, i.e., the intra-sample time offset, is corrected by updating the deci-
mation index in the DFE among the R available offsets. Once the entire
packet is demodulated, the received bits are deinterleaved and decoded
using a hard-decision Hamming decoder. The decoded payload bits are
finally dewhitened and sent to the MAC layer.

4.3.2 Sigfox: an Asymmetric Ultra-Narrowband PHY Layer

Sigfox is an IoT wireless technology that runs on a single global network
licensed by the homonymous company. The protocol achieves low receiver
sensitivities thanks to ultra narrowband (UNB) communications, which
minimize the noise power at the receiver. Contrary to LoRa, the Sigfox
PHY is an asymmetric layer that shifts most of the signal processing com-
plexity (synchronization, decoding, ...) to the gateway. We first briefly
introduce the Sigfox PHY layer, and we subsequently explain how we im-
plemented this protocol on our MCU architecture.

The Sigfox PHY Layer
To alleviate the load on the sensor, Sigfox relies on different modulation
and coding schemes for the uplink and downlink channels. In uplink, the
sensor encodes the payload with a convolutional code and transmits data
using differential binary phase shift keying (DBPSK) at a fixed bit rate of
100 bps. Up to three repetitions of the same message, with different code
polynomials, can be transmitted to bring time diversity at the gateway.

In downlink, the gateway uses a Gaussian frequency shift keying (GFSK)
modulation with a bit rate of 600 bps, a frequency deviation of 800 Hz and
a bandwidth-time product BT = 0.5. A BCH (15, 11) forward error correct-
ing code and a whitening sequence are applied on the payload bits before
the modulation stage. Downlink messages are only sent when an answer
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is requested by an uplink message. Since the gateway already estimated
the CFO of the sensor during the reception of the uplink packet, it also per-
forms a precorrection of this CFO when transmitting the downlink packet.
This technique simplifies the synchronization procedure at the sensor, as
no CFO correction is needed [70]. GFSK symbols can be straightforwardly
demodulated using a frequency discriminator, i.e., by determining if the
phase of the signal increases or decreases over the symbol period. Let y[n]
and y[n− 1] be two consecutive samples of a GFSK symbol. A conventional
frequency discriminator computes the phase derivative φ[n] between the
samples y[n] and y[n− 1]

φ[n] = < (y[n])= (y[n− 1])−= (y[n])< (y[n− 1]) , (4.1)

where < (x[n]) and = (x[n]) represent the real and imaginary parts of the
sample x[n], respectively.

Sigfox Software DBB Implementation

Whereas the CSS modulation of LoRa uses large bandwidths, Sigfox re-
lies on UNB signaling with very low data rates. However, due to the lim-
ited filtering capabilities of our parameterizable RF front-end, a sampling
frequency fs above 1.5 MHz is required to avoid aliasing. The proposed
DFE has hence been designed to operate with a nominal external clock
frequency of 2 MHz. In Tx, this clock can further be divided down to
fs = 125 kHz. The low signaling rates of the Sigfox PHY compared to
the high sampling frequencies fs of the DFE imply that the Sigfox DBB
needs to process samples with a high oversampling rate. Fig. 4.7 shows
our software implementation of this PHY. The Tx chain only comprises
two stages: the convolutional encoder and a DBPSK modulator. Using the
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minimum sampling frequency fs = 125 kHz, the modulation stage gener-
ates the DBPSK symbols (+1 or −1) with an oversampling rate of 1250 to
achieve a baud rate of 100 symbols per second. The modulated samples
are transferred to the DFE using the DMA controller, similarly to the LoRa
DBB.

In Rx, the baud rate is 600 Hz and the GFSK waveform occupies a nar-
row bandwidth of approximately 2 kHz. To attain a sampling frequency
in the DBB that is a multiple of the 600 Hz symbol rate, the external clock
frequency is decreased from the 2 MHz nominal frequency to 1.9968 MHz.
Moreover, since the FIR filter in the DFE (with 16 taps) is unable to im-
plement a low-pass filter with a cut-off frequency at 2 kHz, a second low-
pass filtering stage in software is needed. The DFE is configured to filter
and decimate the baseband signal from the RF front-end to a sampling fre-
quency of 124.8 kHz. The DMA controller transfers chunks of 1664 com-
plex samples to the DMEM in ping-pong buffers, which are then again
filtered and decimated by the CPU (63 taps, decimation factor of 52).

The baseband signal after the second filtering stage has a sampling fre-
quency of 2400 Hz, with four samples per symbol. We therefore adapt the
detection rule of (4.1) to use three consecutive samples per symbol from
the four available: φ[n] = φ[n + 1] + φ[n], which improves the resistance
to noise. When a preamble is detected, the STO is estimated by select-
ing the sample offset τ̂ ∈ {0, 1, 2, 3} that maximizes the decision variable∣∣φ[4n + τ̂]

∣∣ over successive preamble symbols. The k-th symbol is demod-
ulated by retrieving the sign of the time-aligned frequency discriminator:
b̂k = sgn

{
φ[4k + τ̂]

}
. Upon the demodulation of all payload symbols, the

demodulated bits are finally decoded with a hard-decision BCH decoder
and dewhitened.

4.4 Experimental Performance Evaluation

We finally demonstrate and evaluate the LoRa and Sigfox SDRs in an ex-
perimental testbed. SleepRider MCU [68] is used in the testbed as a pro-
totype of the microcontroller architecture introduced in Section 4.2. In this
section, we first describe our testbed. We then present and discuss the en-
ergy consumption of the two SDR implementations on SleepRider, as well
as the sensitivities in Rx of both SDRs.
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Fig. 4.8 Testbed with the SleepRider MCU, the Myriad-RF1 configurable
transceiver, a low-noise preamplifier and a NI-USRP 2900.

4.4.1 Experimental Testbed with SleepRider MCU

The testbed is shown in Fig. 4.8. Beside the MCU, the testbed also con-
tains a LimeSDR Myriad-RF1 LMS6002D configurable transceiver board,
a low-noise preamplifier, passive attenuators and a NI-USRP 2900. The
Myriad-RF1 is used as RF front-end and transfers complex baseband sam-
ples from or to the MCU on a 12-bit bus with a sampling clock driven by
the DFE [71]. Because the Myriad-RF1 is originally designed for cellular
communications with higher signal strengths than those of LoRa and Sig-
fox, a 30 dB low-noise preamplifier with a 3 dB noise figure is inserted to
enhance the receiver gain of the RF front-end. Passive attenuators, with an
overall attenuation of 120 dB, are used in Rx to obtain input signals from
the USRP with power levels between -130 and -120 dBm.

When testing the LoRa SDR, the USRP is driven by a computer running
the LoRa GNU Radio SDR implementation of [40], which is compatible
with commercial LoRa radios. The Sigfox SDR has been validated in the
testbed by replacing the USRP with the official Sigfox USB test dongle [72].
All experiments use a carrier frequency of 868 MHz.
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Fig. 4.9 Minimum CPU frequency and average energy required by the
LoRa and Sigfox SDRs for processing an information bit in the DFE and
the DBB.

4.4.2 Minimum CPU Frequency and Energy Consumption

We validated the functionality of the Tx and Rx chains for both LoRa and
Sigfox in the testbed. For LoRa, we used the bandwidth value B = 125 kHz
and the coding rate CR = 4/7 with the SFs 7, 8 and 9. We are unable to run
the Rx chain for SFs higher than 9 as the total size of the program and FFT
tables exceeds the available space in the PMEM (32 kB). This PMEM size
is limited by the die area of our custom chip. Commercial MCUs however
usually embed much larger PMEMs (up to 1 MB).

Fig. 4.9 shows the minimum CPU frequency required to run the SDRs in
both Tx and Rx, as well as the average energy per bit transmitted/received
by the DFE and DBB. To minimize the energy consumption, we scale down
the CPU frequency using the UFBBR (by steps of 4 MHz) for each mode
(Tx or Rx), PHY layer and SF in the case of LoRa. Contrary to commer-
cial transceivers with integrated RF circuits, the RF front-end and the low-
noise preamplifier in our setup are off-the-shelf components that are not
optimized for low-power operation. Since our goal is to demonstrate that
a software processing of LPWAN PHY layers can be realized within the
1–10 mW power budget of LPWAN transceivers [16], we exclude the non-
optimized low-noise preamplifier and Myriad RF front-end from the power
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measurements and focus only on the DFE and DBB.

We first discuss the LoRa SDR. The most intensive part of the Tx LoRa
DBB is the CSS modulation, which has a linear complexity O(N) with re-

spect to the symbol period T = 2SF
B = N

B . The MCU hence needs for all SFs
a minimum CPU frequency of 16 MHz with a constant power consumption
of 172 µW. However, since the data rate of the CSS modulation decreases
with the SF, the energy required to encode and modulate one bit of infor-
mation data increases exponentially with the SF, from 44 nJ/bit for SF 7 to
137 nJ/bit for SF 9. Similarly, the Rx chain is dominated by the demodu-
lation stage, which has an algorithmic complexity of O(N log N) because
of the FFT. Incrementing the SF from 7 to 9 hence slightly increases both
the CPU frequency (from 32 to 36 MHz) and the power consumption (from
316 to 332 µW). This O(N log N) complexity explains why the consumed
energy per bit increases with the SF faster in Rx than in Tx.

Regarding the Sigfox SDR, we observe in Fig. 4.9 that the Tx DBB has
a lower energy efficiency with 324 nJ required per information bit, despite
the simple signaling DBPSK scheme. In this mode, the MCU has an aver-
age power consumption of 32 µW, which is only amortized over the low
data rate of 100 bps. This 32 µW power consumption corresponds to the
average power of the MCU at 12 MHz when spending 99.5% of its time
idle. It could be reduced if the specific MCU design was capable of ei-
ther running at a lower frequency without having its power dominated by
static leakage, or by going in deep-sleep mode between two symbols. Both
solutions are unfortunately not implemented in SleepRider MCU due to
practical design limitations. The same issue applies to the Rx chain to a
lesser extent, with 61% the time waiting on the next symbol and a power
consumption of 90 µW.

Nevertheless, the power consumption of the DSP in the MCU proto-
type, between 32 and 332 µW, lie well below the total power usage of LP-
WAN transceivers. As a comparison, the commercial LoRa SX1276 trans-
ceiver consumes 34 mW in Rx [38], and the Sigfox-compatible GFSK re-
ceiver from [70] draws 14.5 mW. The power budgets of both transceivers
are dominated by the consumption of the RF front-end. These results indi-
cate that the power needed to run the DSP of our SDRs remains negligible
compared to the overall power budget of a LPWAN transceiver.
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Fig. 4.10 Experimental PERs when receiving LoRa (64 payload bytes)
and Sigfox (8 payload bytes) packets for different input powers.

4.4.3 Evaluation of the SDR Rx Sensitivities

Finally, we assess the performance of our SDR Rx chains by measuring
the packet error rate (PER) versus the signal power at the input of the
preamplifier. In this experiment, we generate different input power val-
ues by sweeping the Tx gain of the USRP. To evaluate the sensitivity of
our Sigfox radio in Rx, we recorded Sigfox downlink packets from the USB
dongle with the USRP, and then replayed these packets with the USRP.
1000 LoRa or downlink Sigfox packets are transmitted per power level.
Fig. 4.10 shows the experimental PERs of both SDRs, as well as the ad-
vertised sensitivity levels of the LoRa SX1276 transceiver and the GFSK
receiver from [70]. We first observe that our LoRa SDR receiver benefits
from a 3 dB spreading gain when the SF is incremented, similarly to the
SX1276. Yet, for a target PER of 10−2, our receiver requires about 3 dB
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higher input power than the SX1276. This 3 dB gap is mainly due to our
implementation of the low-pass FIR filter in the DFE which only has 16
taps and hence features non-negligible side lobes outside the signal band-
width. A hardware implementation of the FIR filter in the DFE with several
multipliers could however improve the Rx sensitivities of our SDRs at the
cost of a larger area. For the Sigfox SDR, a 4% PER is attained at an input
power level of -124.5 dBm, compared to -126 dBm for the GFSK receiver
from [70]. Overall, the results presented in Fig. 4.10 indicate that our MCU
prototype is capable of receiving packets of two different protocols with
near state-of-the-art sensitivity levels.

4.5 Discussion and Summary

Long-term maintenance of end nodes will be an important challenge to
keep the operational expenses of IoT applications low. In particular, the
prevailing hardware architecture of IoT radios, often tied to a single proto-
col, strongly weakens the interoperability of the devices. To mitigate this is-
sue, we designed in this chapter an MCU architecture suitable for LPWAN
SDRs with a very low power consumption for the DBB computations.

The proposed architecture features (a) a general-purpose low-power
processor for the protocol-specific computations (b) a hardware DFE for
the generic signal processing and (c) an ultra-low power digital implemen-
tation with low supply voltage and frequency scaling. We implemented in
software the physical layers of the Sigfox and LoRa standards, and we val-
idated both implementations in a testbed with an MCU prototype in 28nm
CMOS FDSOI. Experimental measurements show that both SDRs reach
near-state-of-the-art sensitivities below -120 dBm in Rx. Even more so, our
prototype performs the digital signal processing of the two protocols with
a power consumption between 32 and 332 µW, thus demonstrating that an
SDR can fit in the 1–10 mW power budget of a LPWAN transceiver.

To the best of our knowledge, this work is the first to demonstrate an
actual prototype of an ULP SDR with implementations of two commercial
IoT protocols. Our design however exhibits some limitations that could be
addressed in future works. As mentioned, our hardware FIR low-pass fil-
ter implementation has a very low silicon area, but at the cost of a degraded
input SNR to the DBB. A more complex FIR filter implementation could
improve the sensitivities of the SDRs by several dBs. In addition, we ex-
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perimentally validated the LoRa PHY only for a bandwidth B = 125 kHz.
Although our SDR implementation could theoretically receive LoRa pack-
ets for B = 250 kHz by increasing the CPU frequency to 64–68 MHz, Sleep-
Rider MCU is not capable of running at frequencies higher than 80 MHz,
which would be required to process packets at B = 500 kHz.

This second limitation could be pushed back by using more power-
ful CPUs, e.g., the recent ARMv8.1 CPUs with the Helium M-Profile Vec-
tor Extension (MVE) for DSP computations [73]. In this regard, a recent
work has demonstrated a RISC-V instruction set architecture (ISA) exten-
sion specifically designed for LPWAN DBB processing [74]. Simulation
results show that their ISA extension decreases the number of cycles of a
LoRa synchronization algorithm by more than 50%. The MCU architecture
described in this chapter should hence not be considered as a final design,
but rather as a first proof-of-concept whose performance can still greatly
be improved. Further works associating hardware/software co-design of
ULP MCUs and the conception of general-purpose low-power processors
with advanced DSP capabilities are thus still needed to truly pave the way
for commercial IoT SDRs.
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LoRaWAN uses non-slotted ALOHA as multiple access scheme to avoid
an energy-intensive synchronization mechanism between users. Since the
end nodes are not synchronized and share non-orthogonal waveforms, col-
lisions between frames may arise. It has become well-known over the years
that the throughput of a LoRaWAN network rapidly decreases for an in-
creasing number of users, as a result of the collisions [17, 18, 22, 75, 76].
This shortcoming poses a threat to the longevity of LoRaWAN gateways
and end nodes, since operators may upgrade their infrastructure to an-
other protocol when their existing network becomes interference-limited.

To improve the resilience of LoRaWAN networks, the second part of
this thesis focuses on the design of multi-user receivers for LoRa gate-
ways. Such a two-user receiver theoretically enables up to a tripling of the
throughput in a non-slotted ALOHA network. In this chapter, we derive
from the maximum-likelihood criterion a practical LoRa receiver capable
of demodulating two colliding LoRa packets using the same SF. Although
the CSS modulation is not initially designed for the joint demodulation
of concurrent users, we show that the proposed ML-derived two-user de-
tector inherently leverages the difference of time, carrier frequency and
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received power between users to demodulate the colliding symbols. To
further demonstrate the practicality of the proposed detector for actual Lo-
RaWAN gateways, we also design a multi-user synchronization algorithm
robust to interference. Simulation and experimental results indicate that
a LoRa receiver combining the proposed synchronization algorithm and
two-user detector is capable of detecting and demodulating two interfer-
ing users with satisfactorily error rates, even at low SNR.

This chapter is organized as follows. In Section 5.1, we enumerate the
different approaches studied in the literature to improve the performance
of LoRaWAN networks, including a discussion on previously proposed
multi-user LoRa receivers. In Section 5.2, we describe the analytical model
of superimposed signals from two LoRa users with the same SF. In Sec-
tion 5.3, we derive a practical two-user detector from the maximum likeli-
hood sequence estimator using different complexity reduction techniques.
In Section 5.4, we evaluate the performance of the proposed detector with
simulation results. Different parameters influencing the error rates of the
receiver are discussed. In Section 5.5, we present a multi-user synchro-
nization algorithm that is robust to same-SF interference, and we jointly
evaluate its performance together with the proposed two-user detector in
simulation and in an experimental testbed.

5.1 Motivations and Related Works

We mentioned in Chapter 2 that LoRa waveforms using different SFs are
quasi-orthogonal to each other. As a consequence, interference between
colliding LoRa users can be one of two very different types: inter-SF inter-
ference and same-SF interference. Due to the spreading, the impact of inter-SF
interference is different from the impact of same-SF interference. Notably,
LoRa transmissions using different SFs only suffer from inter-SF interfer-
ence at very low signal-to-interference ratios (SIR) (starting from around
−16 dB on average) thanks to near-orthogonal signaling [44]. Since concur-
rent transmissions with different SFs can be demodulated independently
in parallel, commercial LoRa gateways embed several demodulators that
are dynamically assigned to different SFs. On the other hand, simultaneous
transmissions with the same SF are far from orthogonal. For conventional
single-user LoRa receivers, colliding packets with the same SF exhibit a
capture effect, such that the strongest signal can often be demodulated if
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the SIR and the SNR are sufficient, but at the expense of the weaker sig-
nal [60]. Experimental measurements have shown that for a 3-dB differ-
ence in power between two users, there is a 97% chance of demodulating
the packet of the strongest user [77], but the packet of the weaker user is
generally lost.

As of today, two main approaches have been followed in the literature
to overcome same-SF collisions, which are the dominating error events in
interference-limited LoRaWAN networks. Below, we briefly summarize
these attempts, and we further explain why multi-user LoRa receivers are
a promising, but also challenging, solution to improve the reliability and
scalability of LoRaWAN networks.

5.1.1 Approaches to Improve LoRaWAN at the MAC Layer

Several improvements at the MAC layer have been proposed over the last
years to overcome the same-SF interference issue. These solutions either
extend the underlying ALOHA multiple access of LoRaWAN [78, 79, 80,
81, 82] or design new MAC layer synchronization mechanisms [83, 84, 85].

In the first category, carrier sense multiple access (CSMA) has been in-
vestigated in [78, 79, 80], with LoRa devices implementing a listening be-
fore talk mechanism. Although CSMA helps to prevent collisions for users
close to the gateway, it offers little gain over pure ALOHA in realistic net-
works because of the hidden terminal problem [79]. In [81, 82], time syn-
chronization algorithms are designed and implemented on top of the tra-
ditional LoRaWAN specifications. For each SF, the channel is divided into
time slots and the transmissions of the devices are regulated to fit into these
slots, which allows the network to benefit from the throughput increase of
slotted ALOHA, as shown in Fig. 5.1.

To completely avoid the issue of collisions, other works in the liter-
ature seek to implement time-division multiple access (TDMA). In such
schemes, the gateways periodically send beacons that enable the devices
to obtain an accurate time reference for their transmissions. In [83], a static
distribution of the time slots based on the addresses of the devices is per-
formed when they connect to the network. In [84], the gateway performs a
fine-grained scheduling of the time slots and regularly broadcasts the time-
resource repartition to all devices. These TDMA schemes however oblige
the end nodes to listen to beacons from the gateway to maintain their syn-
chronization in time, which greatly increases their power consumption.
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Fig. 5.1 Theoretical throughputs of non-slotted ALOHA and slotted
ALOHA networks. Two-user receivers strongly improve the throughput
of non-slotted ALOHA networks as they are capable of decoding two col-
liding packets.

5.1.2 Multi-User Receivers for Dense LoRaWAN Networks

In this chapter, we aim to improve the reliability and scalability of Lo-
RaWAN networks without negatively impacting the energy consumption
of the nodes, i.e., by keeping pure ALOHA as multiple access scheme. In-
stead of modifying the MAC layer, we propose a two-user LoRa receiver
capable of demodulating two colliding users with the same SF. This re-
ceiver is located at the mains-powered gateway, which does not suffer from
energy constraints. To anticipate the possible gains of such a receiver, the
theoretical throughput of a pure ALOHA network with an ideal two-user
receiver is shown in Fig. 5.1 [86, 87]. At the optimal offered load, the de-
ployment of a two-user receiver can triple the network throughput com-
pared to a conventional single-user receiver, and can even surpass the per-
formance of slotted ALOHA without requiring any time synchronization
between the devices. In a similar spirit, but by means of stochastic geom-
etry, the authors of [88] evaluate that the usage of a two-user SIC receiver
allows to increase the number of nodes in a network by 2.59, without dete-
riorating its reliability.
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Yet, the design of an efficient two-user receiver has only recently re-
ceived the appropriate attention. Several LoRa multi-user receivers have
so far been proposed [89, 90, 91, 92, 93, 94, 95, 96]. The receivers presented
in [89, 90, 91, 93] demodulate all the symbols received during a single sym-
bol period, and subsequently try to attribute the demodulated signals to
their corresponding user. In [89], the different frequency offsets between
the users are used to distinguish their symbols. A similar technique is
used in [92], which leverages the time offsets between colliding packets
instead. In [90], the received power of each user is also used for the de-
cision, whereas in [91], both the time and frequency offsets between users
are taken into account. The authors of [93] propose a scaled despreading
operation that allows a more robust estimation of the time offset between
the colliding users and hence of their corresponding symbols. All of these
receivers, however, rely on a joint demodulation of the colliding symbols,
which is difficult to perform at the low SNR levels (-25 dB to -5 dB) at which
LoRa commonly operates.

On the contrary, the receivers of [94, 95, 96] implement interference
cancellation mechanisms that enable separate detections of the colliding
symbols. A parallel interference cancellation LoRa receiver relying on the
differences in carrier frequencies and received powers between users is in-
troduced in [94]. Similarly, two successive interference cancellation (SIC)
receivers are presented in [95] and [96]. Most notably, the authors of [95]
show that their SIC receiver is capable of efficiently demodulating the user
with the strongest received power, but the bit error rates of the weaker
users all floor between 10−4 and 10−3.

The aforementioned works designed multi-user receivers that heuristi-
cally leverage one or two transmitter-specific features (e.g., carrier offset,
time offset, received powers) to distinguish the contributions of the respec-
tive users. These receivers however fail to attain useful error rates at the
low SNRs that are characteristic of LoRa communications. The first ob-
jective of this chapter is therefore to derive the expression of a maximum-
likelihood two-user LoRa receiver that optimally uses all properties of a
signal with two colliding same-SF packets. However, such a pure ML re-
ceiver is inherently computationally too complex for a realistic digital base-
band implementation of a LoRa gateway. We hence subsequently intro-
duce complexity-reduction techniques to obtain a more practical two-user
receiver that still succeeds to demodulate colliding users at low SNR.
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5.2 Signal Model for Two Interfering Users

In this section, we describe the Nyquist-rate ( fs = B) model of super-
imposed signals from two users with the same SF, namely user A and
user B. The baseband signal at the gateway is recovered with a single re-
ceiving antenna and radio-frequency front-end. Since LoRa uses a non-
slotted ALOHA multiple access scheme, the users are neither synchronized

among themselves nor to the gateway. Let us define s(k)A and s(k)B as the k-th

colliding symbols sent by users A and B, respectively. The symbols s(1)A and

s(1)B are hence the two first information symbols of both users that collide
with each other. To simplify the explanation and the mathematical formu-
lation of the multi-user detector, we assume that the gateway is initially
synchronized in frequency and time to user A, whose packet arrives first.
This can be achieved with a standard single-user synchronization proce-
dure, such as the algorithm described in Chapter 3. We define τ ∈ [0, N)

as the relative sample-level time offset between the first sample of the k-th
symbol transmitted by user A and the first sample of the k-th symbol of
user B, as illustrated in Fig. 5.2. This sample offset is split into an integer
part LSTO = bτc and a non-integer part λSTO = τ − bτc, with a slightly
different definition than the one of Chapter 3.

Since the transmission of user B experiences an STO τ ≥ 0 with respect

to user A, the first bτc samples of symbol s(k)A overlap with symbol s(k−1)
B

and the last N − bτc samples of symbol s(k)A overlap with symbol s(k)B . The
contribution of user B to the k-th window of N samples y(k)[n] can there-

fore be split into two parts, namely y(k)B,1[n] for n ∈ N1 = {0, . . . , dτe − 1}
and y(k)B,2[n] for n ∈ N2 = {dτe, . . . , N − 1}, with

y(k)B,1[n] = e
j2π

 (n+N−τ)2
2N +(n+N−τ)

 s(k−1)
B

N − 1
2−u

[
n−n(k)f ,1

]
, (5.1)

y(k)B,2[n] = e
j2π

 (n−τ)2
2N +(n−τ)

 s(k)B
N − 1

2−u
[

n−n(k)f ,2

]
, (5.2)

and n(k)f ,1 = dτe − s(k−1)
B and n(k)f ,2 = N + dτe − s(k)B .

Prior to synchronization, both users are affected by distinct carrier fre-
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quency offsets relative to the receiver, namely ∆ fc,A and ∆ fc,B. However,
since we assume the receiver to be synchronized to user A, there is only a
single effective CFO ∆ fc = ∆ fc,B−∆ fc,A that affects the signal from user B.
The CFO can also be split into integer and fractional parts using the same
definition as in Chapter 3, i.e., LCFO = bN ∆ fc

fs
e and λCFO = N ∆ fc

fs
− LCFO,

where b·e is the rounding operator.
Finally, the users have different transmit powers and experience inde-

pendent single-tap channels hA and hB. Let PA = |hA|2 and PB = |hB|2 be
the received powers of users A and B, respectively, which we assume to be
constant. However, since LoRa is intentionally designed for non-coherent
detection, we do not make any assumption on the phase coherence of suc-

cessive symbols. We thus define θ
(k)
A and θ

(k)
B as the initial phases of the

k-th symbol of user A and B, respectively. The discrete-time baseband-
equivalent model of the received signal sampled at fs = B that represents
the k-th window of N samples is therefore

y(k)[n] =
√

PAejθ(k)A x
s(k)A

[n] + z(k)[n]

+


√

PBejθ(k−1)
B c[n]y(k)B,1[n], n ∈ N1,

√
PBejθ(k)B c[n]y(k)B,2[n], n ∈ N2,

(5.3)

where c[n] = e
j2πn ∆ fc

fs is the effective CFO affecting user B and z(k)[n] ∼
CN (0, σ2).

5.3 A Practical ML-derived Two-User Detector

In this section, we design a detector that is capable of jointly demodulat-
ing the symbols from two superimposed LoRa users. This detector is de-
rived from the two-user maximum likelihood sequence estimator (MLSE),
whose general structure is explained in [97]. We first derive the expression
of the MLSE for the signal model defined in (5.3) and argue that its com-
plexity is prohibitive in practice. To enable a practical implementation of
the multi-user detector, we subsequently propose three simplifications to
the two-user MLSE that strongly reduce its computational complexity.
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5.3.1 Two-user LoRa Maximum Likelihood Sequence Estimator

As previously explained, the two-user detector is only needed when the
frames of two LoRa users overlap in time. The non-colliding parts of the
frames can be demodulated with the single-user detector of (2.7), while
only the colliding parts need to be processed with the two-user detector
derived in this section. We note here that in case of an overlap, the collid-
ing part generally dominates the overall error rate. The proposed two-user
detector uses as input the baseband signal y(k)[n] from (5.3), which is re-
covered with a single receiving antenna and sampled at the Nyquist fre-
quency fs = B. Let M be the number of symbols of user A colliding with
symbols from user B. Following (5.3), the colliding parts of the frame can
be decomposed into M successive windows of N samples. Similar to the
single-user detector in (2.7), we propose to dechirp every window y(k)[n]
with a reference downchirp x∗0 [n] since the dechirped windows ỹ(k)[n] pos-
sess a simpler analytical representation than y(k)[n] which facilitates the
derivation of the ML detector.

In an AWGN channel, the MLSE seeks the sequence of symbols that
minimizes the sum of the distances between the dechirped samples and
the presumed contributions of each user [97]. Given the baseband model
defined in (5.3), followed by the dechirping operation, the two-user MLSE

seeks the set of candidate symbols s̄(k) = {s̄(k)A , s̄(k−1)
B , s̄(k)B } ∈ {0, . . . , N −

1}3 for k ∈ {0, . . . , M− 1}maximizing the probability

p = C exp

(
− 1

2σ2

(M−1

∑
i=0

N−1

∑
n=0

∥∥∥ỹ(i)[n]− x̃(i)
[
n
∣∣s̄(i)]∥∥∥2

))
(5.4)

where x̃(k)
[
n
∣∣s(k)] represents the dechirped contributions of both users in

the k-th window and C =
(

1√
2πσ2

)MN
. The expression of x̃(k)

[
n
∣∣s̄(k)] is

x̃(k)
[
n
∣∣s(k)] = √PAejθ(k)A ej2π n

N s(k)A

+


√

PBe
jθ(k−1)

B +2πλSTOu
[

n−n(k)f ,1

]
· e

j2π
(n+N−τ)

N

(
s(k−1)
B −τ+N ∆ fc

fs

)
, n ∈ N1,

√
PBe

jθ(k)B +2πλSTOu
[

n−n(k)f ,2

]
· e

j2π
(n−τ)

N

(
s(k)B −τ+N ∆ fc

fs

)
, n ∈ N2,

(5.5)
The dechirped signal x̃(k)

[
n
∣∣s(k)] depends on the offsets ∆ fc and τ, the
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phases {θ(k)A , θ
(k−1)
B , θ

(k)
B }, and the received powers PA and PB of each user.

The maximum likelihood sequence can be computed with reduced com-
plexity using the Viterbi algorithm [97]. However, since there are N2 pos-
sible states per window and N3 possible state transitions between two
windows, the complexity of this maximum likelihood sequence detector
is prohibitive, especially for large SFs (i.e., large N). In the remainder of
this section, we propose three modifications that simplify the maximum
likelihood sequence detector of (5.4) to a more practical detector.

5.3.2 From Joint to Individual Maximum Likelihood Decisions

To avoid such a complex receiver, we suggest to move from a joint demod-
ulation of all colliding symbols to individual decisions that are tied to win-
dows of N samples. For each window k and the corresponding dechirped
signal ỹ(k), an individual decision amounts to detecting the overlapping

symbols s(k) = {s(k)A , s(k−1)
B , s(k)B }. Let L(s̄(k)) denote the likelihood that

the symbols s̄(k) = {s̄(k)A , s̄(k−1)
B , s̄(k)B } have been transmitted in the k-th

window

L(s̄(k)) = C′ exp

(
− 1

2σ2

N−1

∑
n=0

∥∥∥ỹ(k)[n]− x̃(k)
[
n
∣∣s̄(k)]∥∥∥2

)
, (5.6)

where C′ =
(

1√
2πσ2

)N
. An individual maximum likelihood decision for

the k-th window is obtained by selecting the symbols s̄(k) that maximize
the likelihood L(s̄(k)). This likelihood can be expressed more intuitively
after some simple algebraic transformations and after the removal of all
constant factors. We seek to maximize

L′
(

s̄(k)
)
= log

L
(

s̄(k)
)

C′
= A−

N−1

∑
n=0

∥∥∥ỹ(k)[n]− x̃(k)
[
n
∣∣s̄(k)]∥∥∥2

=
N−1

∑
n=0

[
−
∥∥∥ỹ(k)[n]

∥∥∥2
+ 2<

{
ỹ(k)[n]x̃(k)

[
n
∣∣s̄(k)]∗}

−
∥∥∥x̃(k)

[
n
∣∣s̄(k)]∥∥∥2

]
+ A,

(5.7)

where A is a constant independent of s̄(k). We ignore in the following
developments all terms that are independent of the candidate symbols s̄(k).
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By developing x̃(k)
[
n
∣∣s̄(k)] following (5.5), distributing all terms and

using the relation z1 + z∗1 = 2<{z1}, we obtain

L′
(

s̄(k)
)
=

N−1

∑
n=0

2<
(

ỹ(k)[n] ·
√

PAe−jθ(k)A e−j2π n
N s̄(k)A

)

+
dτe−1

∑
n=0

2<
(

ỹ(k)[n] ·
√

PBe−jθ(k−1)
B ỹ∗(k)B,1 [n]

)

+
N−1

∑
n=dτe

2<
(

ỹ(k)[n] ·
√

PBe−jθ(k)B ỹ∗(k)B,2 [n]
)

−
dτe−1

∑
n=0

2<

√PAPBe
j
(

θ
(k)
A −θ

(k−1)
B

)
ej2π n

N s̄(k)A ỹ∗(k)B,1 [n]



−
N−1

∑
n=dτe

2<

√PAPBe
j
(

θ
(k)
A −θ

(k)
B

)
ej2π n

N s̄(k)A ỹ∗(k)B,2 [n]


−N (PA + PB) ,

(5.8)

where ỹ(k)B,1[n] and ỹ(k)B,2[n] represent the dechirped signals of the candidate
symbols of user B in the k-th window

ỹ(k)B,1[n] = e
j2π

(n+N−τ)
N

(
s̄(k−1)
B −τ+N ∆ fc

fs

)
e

j2πλSTOu
[

n−n(k)f ,1

]
, (5.9)

ỹ(k)B,2[n] = e
j2π

(n−τ)
N

(
s̄(k)B −τ+N ∆ fc

fs

)
e

j2πλSTOu
[

n−n(k)f ,2

]
. (5.10)

After dividing L′(s̄(k)) by two, removing the constant term N (PA + PB)

and by grouping the terms containing ỹ(k)B,1[n] or ỹ(k)B,2[n] together, the log-
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Fig. 5.2 Illustration of the matched filters outputs used by the detection

of the overlapping symbols s(k)A , s(k−1)
B and s(k)B .

likelihood becomes

L′
(

s̄(k)
)
=

N−1

∑
n=0
<
(√

PAe−jθ(k)A ỹ(k)[n]e−j2π n
N s̄(k)A

)

+
dτe−1

∑
n=0
<
[

ỹ(k)IC [n]
√

PBe−jθ(k−1)
B ỹ∗(k)B,1 [n]

]

+
N−1

∑
n=dτe

<
[

ỹ(k)IC [n]
√

PBe−jθ(k)B ỹ∗(k)B,2 [n]
]

,

(5.11)

where ỹ(k)IC [n] = ỹ(k)[n] −
√

PAejθ(k)A ej2π n
N s̄(k)A is the interference-cancelled

version of ỹ(k)[n], i.e., the dechirped received signal with the presumed
contribution of user A removed.

Each term of (5.11) corresponds to a matched filtering of one of the sym-

bols s̄(k)A , s̄(k−1)
B , s̄(k)B in the k-th window. To ease the writing of L′(s̄(k)), we

define three matched filters Y(k), M(k)
1 and M(k)

2 that are connected to the

symbols s(k)A , s(k−1)
B , and s(k)B , respectively, as shown in Fig. 5.2. Since the

receiver is synchronized to user A, the symbol s(k)A translates to a Kronecker
delta in the frequency domain. Accordingly, the first term of (5.11) corre-
sponds to the DFT of the entire dechirped signal ỹ(k)[n]. The matched filter
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of the symbol s̄(k)A can hence be expressed as

Y(k)
[
s̄(k)A

]
=

N−1

∑
n=0

ỹ(k)[n] · e−j2π n
N s̄(k)A . (5.12)

The two remaining terms in (5.11) evaluate the contribution from user B,

which is not synchronized. As the waveforms carrying the symbols s̄(k−1)
B

and s̄(k)B are modified from their original shape (i.e., a Kronecker delta) by
the CFO and STO of user B, the individual ML detector uses two specific
matched filters depending on the offsets ∆ fc and τ, which we denote as

M(k)
1 and M(k)

2

M(k)
1

[
s̄(k)A , s̄(k−1)

B

]
=
dτe−1

∑
n=0

(
ỹ(k)[n]−

√
PAejθ(k)A ej2π n

N s̄(k)A

)
(5.13)

· e
−j2π

(n+N−τ)
N

(
s̄(k−1)
B −τ+N ∆ fc

fs

)
e
−j2πλSTOu

[
n−n(k)f ,1

]
, (5.14)

M(k)
2

[
s̄(k)A , s̄(k)B

]
=

N−1

∑
n=dτe

(
ỹ(k)[n]−

√
PAejθ(k)A ej2π n

N s̄(k)A

)
(5.15)

· e
−j2π

(n−τ)
N

(
s̄(k)B −τ+N ∆ fc

fs

)
e
−j2πλSTOu

[
n−n(k)f ,2

]
. (5.16)

The matched filters M(k)
1 and M(k)

2 for the symbols s̄(k−1)
B and s̄(k)B can be

interpreted as follows. To detect both symbols, the individual ML detector

eliminates the presumed contribution
√

PAejθ(k)A ej2π n
N s̄(k)A of user A, cor-

rects the CFO ∆ fc and phase jump 2πλSTO, and then computes a partial
DFT over the first dτe and the remaining N − dτe samples in the window,
respectively.

By substituting in (5.11) the expressions of the matched filters Y(k), M(k)
1

and M(k)
2 and by adding back the exponential function, we obtain the final

metric ΛML(s̄(k)) subject to maximization

ΛML(s̄
(k)) = exp

[√
PA<

(
e−jθ(k)A Y(k)

[
s̄(k)A

] )
+
√

PB<
(

e−jθ(k−1)
B M(k)

1

[
s̄(k)A , s̄(k−1)

B

] )
+
√

PB<
(

e−jθ(k)B M(k)
2

[
s̄(k)A , s̄(k)B

] )]
,

(5.17)
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Each term of ΛML(s̄(k)) can be interpreted as a (partial) DFT matched to
each one of the symbols contained in the window y(k)[n].

Yet, the matched filters M(k)
1 and M(k)

2 provide only partial informa-

tion on the symbols s(k−1)
B and s(k)B . As illustrated in Fig. 5.2, the symbol

s(k−1)
B , in red, is connected to the matched filters M(k−1)

2 and M(k)
1 , whereas

the symbol s(k)B , in purple, is connected to the matched filters M(k)
2 and

M(k+1)
1 . Detecting these symbols using only the information from the k-

th window is clearly suboptimal. To efficiently demodulate the symbols

s(k−1)
B and s(k)B , the detector must also use the partial information provided

by the matched filters M(k−1)
2 and M(k+1)

1 of the preceding and the fol-

lowing windows, respectively. We hence suggest to first estimate s(k)A by

considering for every candidate symbol s̄(k)A the most likely symbols s̄(k−1)
B

and s̄(k)B independently of the previous and next window as

ŝ(k)A = arg max
s̄(k)A

max
s̄(k−1)
B ,s̄(k)B

ΛML

(
s̄(k)A , s̄(k−1)

B , s̄(k)B

)
. (5.18)

We then decide on s(k−1)
B based on the prior decisions on s(k−1)

A and on the

latest decision on s(k)A as follows

ŝ(k−1)
B = arg max

s̄(k−1)
B

∣∣∣M(k−1)
2

[
ŝ(k−1)

A , s̄(k−1)
B

]
+M(k)

1

[
ŝ(k)A , s̄(k−1)

B

]∣∣∣. (5.19)

The decision on s(k)B is deferred to the next time step. This rule requires
that the receiver keeps in memory the vector containing the N matched
filter outputs M(k−1)

2

[
ŝ(k−1)

A , s̄(k−1)
B

]
of the previous window.

5.3.3 Removing the Dependency on the Phases θ
(k)
A and θ

(k)
B

The individual ML detection rules given in (5.18) and (5.19) require the

knowledge of the phases θ
(k)
A , θ

(k−1)
B and θ

(k)
B . As previously mentioned,

we do not assume that consecutive symbols of a user have identical phase

offsets, i.e., we allow θ
(k−1)
A 6= θ

(k)
A . Although the phase of each user

can theoretically be tracked over successive symbols, such phase-tracking
scheme strongly increases the complexity of the receiver and its sensitivity
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to distortions. In this work, we propose instead to avoid this tracking and
to remove the dependency on the phases by marginalizing over them in
ΛML

(
s̄(k)

)
.

First, the phases θ
(k−1)
B and θ

(k)
B can be easily marginalized over [−π, π],

leading to a metric that relies on the magnitudes of M(k)
1 and M(k)

2

Λ′ML(s̄
(k)) =

∫∫ π

−π
ΛML(s̄

(k)) dθ
(k−1)
B dθ

(k)
B

= exp
(√

PA<
(

e−jθ(k)A Y(k)
[
s̄(k)A

] )
· I0

(√
PB

∣∣∣M(k)
1

[
s̄(k)A , s̄(k−1)

B

]∣∣∣)
· I0

(√
PB

∣∣∣M(k)
2

[
s̄(k)A , s̄(k)B

]∣∣∣) ,

(5.20)

where I0(x) is the first order modified Bessel function of the first kind [98].
This function is akin to ex and has a practical closed-form expression. The

only phase term remaining is θ
(k)
A . Proper consideration of this phase is

however more challenging, as it is used in all three terms of Λ′ML(s̄
(k)).

To lower the complexity of the integral over θ
(k)
A , we propose to use an

estimate of this phase in the matched filters M(k)
1 and M(k)

2 . In a single-user
scenario, the phase θ of a demodulated symbol ŝ can be estimated by using
the phase of the DFT bin ŝ, i.e., θ̂ = arctan (Y [ŝ]) [60]. We propose to use

the same estimator with the DFT Y(k) to obtain an estimate θ̂
(k)
A of the phase

of the candidate symbol s̄(k)A . Let M̃(k)
1 and M̃(k)

2 be modified versions of

the filters M(k)
1 and M(k)

2 where the variable θ
(k)
A is replaced by the estimate

θ̂
(k)
A in the expression of the matched filters M(k)

1 and M(k)
2 . Also, let Λ̃(s̄(k))

be a modified version of the function Λ′ML(s̄
(k)) where the filters M̃(k)

1 and

M̃(k)
2 are used instead of M(k)

1 and M(k)
2 , respectively. A single occurrence

of θ
(k)
A remains in Λ̃(s̄(k)), which is marginalized similarly to θ

(k−1)
B and
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θ
(k)
B to yield the final detection metric

Λ(s̄(k)) =
∫ π

−π
Λ̃(s̄(k)) dθ

(k)
A

= I0

(√
PA

∣∣∣Y(k)
(

s̄(k)A

)∣∣∣)
· I0

(√
PB

∣∣∣M̃(k)
1
(
s̄(k)A , s̄(k−1)

B
)∣∣∣)

· I0

(√
PB

∣∣∣M̃(k)
2
(
s̄(k)A , s̄(k)B

)∣∣∣) .

(5.21)

Due to the use of the non-ideal estimate θ̂
(k)
A , the detector of (5.21) no longer

follows the maximum-likelihood criterion. The accuracy of θ̂
(k)
A depends

not only on the noise level σ2, but also on the contribution of user B that
might overlap in the frequency domain with the symbol of user A. The ac-
curacy of this approximation is therefore better when PA > PB, i.e., when
the synchronized user is the strongest user. To maintain a decent interfer-

ence cancellation in the matched filters M̃(k)
1 and M̃(k)

2 , whose effective-

ness strongly depends on the quality of the estimate θ̂
(k)
A , we assume in

the remainder of this thesis that the receiver is always synchronized to the
strongest user. In Section 5.5, we show that the synchronization stage of
a practical receiver can always take care of this requirement by allowing
the receiver to re-synchronize to an incoming user if that user has a higher
received power than an active first user.

5.3.4 Pruning the Set of Candidate Symbols s̄(k)A

Computing ŝ(k)A with (5.18) requires to evaluate a significant number of

metrics Λ(s̄(k)). Per candidate symbol s̄(k)A , N outputs for each of the

matched filters M(k)
1 and M(k)

2 need to be evaluated. Since there are also N

candidates for s̄(k)A , the complexity for demodulating a window thus grows
quadratically with N and becomes quickly prohibitive for large spreading
factors. We previously explained that synchronizing to the strongest user

improves the estimate θ̂
(k)
A . We now show that the synchronization to the

strongest user can also be used to drastically reduce the complexity of the
two-user detector.

According to (5.5), the contribution of user A to the dechirped signal

| 95



5 | A Maximum-Likelihood-based Two-User Receiver

20 40 60 80 100 120
0

20

40

60

80

100

120

140

Most signi�cant candidates

DFT bins

|
Y

  
 |
(k
)

Fig. 5.3 Magnitude of the DFT Y(k) for s(k)A = 100, s(k−1)
B = 85, s(k)B = 59,

SF = 7, τ = 32.5, ∆ fc = 0 and PA = PB. Due to the STO τ, the symbols of
user B are shifted in frequency and scattered on several DFT bins.

ỹ(k)[n] is a single complex tone of frequency
s(k)A
N . On the contrary, the con-

tribution of user B is no longer a single complex tone due to the effective
carrier frequency offset ∆ fc and the sampling time offset τ. For the non-
synchronized user, the offset components LSTO, λSTO and λCFO scatter the

energy of the symbols s(k−1)
B and s(k)B over several frequency bins [42]. As

illustrated in Fig. 5.3, the DFT of ỹ(k)[n] contains a Kronecker delta cor-

responding to the symbol s(k)A , along with two bell-shaped functions cen-

tered around the frequencies
s(k−1)
B −τ+N ∆ fc

fs
N and

s(k)B −τ+N ∆ fc
fs

N . Both time
and frequency offsets thus modify the spectral representation of the sym-
bols from user B. We show in Section 5.4 that the presence of an STO and
a CFO between the users is actually beneficial to the performance of the
two-user detector.

Since our receiver synchronizes to the strongest user, it is very likely at

reasonable SNR levels that the DFT bin containing the symbol s(k)A belongs
to the limited set of bins with significant magnitudes. We therefore propose
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to reduce the complexity of (5.18) by selecting as candidates s̄(k)A only the

K bins with the largest magnitudes
∣∣∣Y(k)

(
s̄(k)A

)∣∣∣ among the N bins of the

DFT Y(k). This rule reduces the total amount of matched filters M(k)
1 and

M(k)
2 to evaluate per window from N2 to KN.

The pruning of the set of candidate symbols s̄(k)A significantly reduces

the complexity of the receiver. Per candidate symbol s̄(k)A , N matched filter

outputs M(k)
1

[
s̄(k)A , s̄(k−1)

B

]
and M(k)

2

[
s̄(k)A , s̄(k)B

]
are evaluated, each requir-

ing O(N) complex operations. Since the N outputs of the matched filter
Y(k) can be computed in O(N log N) operations using an FFT, the compu-
tational complexity of the receiver is dominated by the evaluation of the

matched filters M(k)
1 and M(k)

2 . The demodulation of a window of N sam-
ples hence implies only O(KN2) complex operations, compared to a com-
plexity of O(N3) without the pruning. We observed in simulation trials
significant performance gains for K = 2 compared to K = 1, independently
of the spreading factor. Selecting K > 5 however does not further improve
the performance for either user. In practical receivers, values of K between
2 and 5 should hence be used, depending on the available computational
resources.

5.4 Performance Evaluation of the Two-User Detector

In this section, we provide simulation results for the symbol error rate
(SER) of both the stronger and the weaker colliding users using the detec-
tor derived in the previous section. The principal parameters that impact
the SER are the STO τ between the users, the fractional part λCFO of the
effective CFO, the difference ∆P = PA − PB of the received powers, and
the spreading factor SF. We analyze and discuss the impact of these pa-
rameters through Monte-Carlo simulations.

The simulations are conducted in MATLAB as follows. For every
trial, 10′000 collisions with overlapping payloads of NP = 32 random
LoRa symbols each are transmitted following the baseband model defined
in (5.3). Since the length of LoRa payloads dominates over the pream-
ble length, we only consider in this section collisions between two pay-
loads. As Nyquist-rate sampling is simulated, the signal bandwidth has
no influence on the SERs. The transmitted symbols are demodulated using
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the detection rules (5.18) and (5.19) with the metric Λ(s̄(k)) from (5.21).
The simulations in this section also assume perfect synchronization, i.e.,
the received power, CFO, and STO of each user are known. Results ob-
tained without these idealized conditions and using a practical synchro-
nization algorithm are presented in Section 5.5. Furthermore, we use the
simplification described in Section 5.3 and we choose the symbol candi-

dates s̄(k)A for user A only from a limited set of the K = 5 most significant
DFT bins. Unless specified otherwise, the following results are obtained
for SF = 7. However, we show in Section 5.4.4 that our detector benefits
from the spreading gain of the LoRa modulation (about 2.5 dB per SF) in
the same way as a single-user receiver. The results obtained for SF = 7 can
hence serve as approximations for other SFs by appropriately subtracting
the corresponding SNR offsets.

5.4.1 Impact of Sampling Time Offset

In Fig. 5.4, we compare four scenarios for different STO values and SF = 7,
i.e., N = 128. In particular, we compare the worst-case scenario with
τ = 0.0 (i.e., two users fully synchronized), the best-case scenario with
τ = 64.5 (i.e., τ = N/2 + 0.5), and two intermediate cases with τ = 16.0
(i.e., τ = N/8) and τ = 16.25. The power difference between the two users
is ∆P = 3 dB. The SERs in the different scenarios are shown for both the
strong and the weak user. The thick gray lines show the SER for the typical
non-coherent single-user receiver (2.7) in the absence of interference. As
expected, the performance with interference, both for the two-user and the
multi-user receiver, is always worse than the no-interference case depicted
by the gray lines. We note here that the two-user receiver demodulates the
strongest user (solid curves) with error rates that are similar to the single-
user detector in (2.7), but in the presence of interference. More interest-
ingly, we observe that our two-user receiver allows even the weaker user
(dashed curves) to be demodulated with useful SER values, while the typ-
ical single-user receiver would not be able to demodulate the weaker user
at all.

We now discuss in detail the influence of the STO τ = LSTO + λSTO on
the demodulation. Considering first the impact of the integer offset LSTO,
we clearly observe in Fig. 5.4 that a larger integer STO (up to N/2) reduces
the SERs of both users. For the strongest user, the required SNR to attain
a 10−3 SER, is 2.5 dB lower for τ = 16.0 (solid orange curve) compared
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Fig. 5.4 SERs of both users for different values of τ with SF = 7, ∆ fc = 0
and ∆P = 3 dB. The thick gray lines show the SER for the non-coherent
single-user receiver (2.7) in the absence of interference (PB = −∞ dB) [43].

to τ = 0.0 (solid purple curve). A similar behavior can be observed for
the fractional part of the STO. We observe that a fractional STO (up to 0.5)
can improve the error rate at ranges that are comparable to large integer
values of STO and very close to the no-interference case. For example, the
weakest user for τ = 16.25 (i.e., λSTO = 0.25, dashed red curve) reaches a
SER of 10−3 at−6 dB SNR, whereas for τ = 16.0 (λSTO = 0, dashed orange
curve) the required SNR is −4 dB.

The aforementioned observations indicate that the more the interfering
users are desynchronized in time, the easier it is for the two-user receiver
to separate and demodulate them. This effect can be explained by the con-
tribution of each user to the DFT of the dechirped signal. While the contri-
bution of the strongest and synchronized user is always a Kronecker delta,
the spectral representation of the contribution of the weakest user depends
on the STO τ. For τ = 0, the symbols of both users are Kronecker deltas in

the frequency domain and the matched filter M(k)
1 is identical to the DFT

Y(k). In such a time aligned case, it is difficult to distinguish the symbols of
the two users as they are entirely correlated to each other. In the presence
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of an STO τ 6= 0, the contribution of the weakest user is no longer a single
peak, but two bell-shaped functions scattered across several DFT bins, as
introduced in Section 5.3 and observed in Fig. 5.3. Since the symbols of
both users become less correlated in the presence of an STO, it is easier for
the maximum likelihood detector to separate the contribution of each user.
Therefore, integer or fractional STOs close to N/2 or 0.5, respectively, signif-
icantly improve the performance of the proposed two-user detector. The
extent of this behavior is also shown in Fig. 5.4, where, to demodulate the
weakest user at a 10−3 SER, the best-case scenario with τ = 64.5 (dashed
blue curve) requires a 7 dB lower SNR than the worst-case scenario with
τ = 0.0 (dashed purple curve).

5.4.2 Impact of Carrier Frequency Offset

Similar to the STO, the effective CFO ∆ fc between the users also modifies
the spectral representation of the symbols sent by user B [60]. Yet, contrary
to the STO, only the fractional part λCFO modifies the spectral representa-
tion of the symbols of user B. An integer CFO LSTO only shifts the symbols
of user B by an integer number of DFT bins, and therefore does not im-
prove the detection performance.

The SERs for scenarios with SF = 7 and with different values of λCFO
and λSTO are presented in Fig. 5.5. Compared to the baseline λCFO = 0.0
with τ = 16.0, an offset λCFO = −0.5 decreases the required SNR to at-
tain a 10−3 SER by 3.5 dB for the strongest user. For the weakest user,
the required SNR for the same SER is reduced by 3 dB. We have shown in
Chapter 3 that the contributions of the fractional STO and CFO, although
similar, do not modify the spectral representation of LoRa symbols in an
identical way. Compared to the CFO, the fractional STO additionally in-
duces a phase jump of 2πλSTO when the LoRa symbol folds in frequency,
as modeled in (5.5). As a consequence, the performance of the detector
depends on both values of λSTO and λCFO, and is not only defined by the
difference of the two −λSTO + λCFO. This behavior is illustrated in Fig. 5.5
with the scenario λCFO = 0.5 and λSTO = 0.5. Although the fractional off-

sets cancel each other in the term s(k)B − τ + N fc
fs

of (5.5), the phase jump of
2πλSTO still enables important performance gains for the two-user detec-
tor compared to the worst-case fully time and frequency aligned scenario.
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Fig. 5.5 SERs of both users for different values of τ and λCFO with SF = 7
and ∆P = 3 dB.

5.4.3 Impact of the Received Powers Difference

We subsequently analyze the impact of the difference ∆P = PA − PB in the
received powers of the colliding users. Fig. 5.6 shows the SERs of both the
strong and the weak user for ∆P = 6, 3, 1.5 and 0 dB, with SF = 7. We first
discuss the effect of ∆P on the demodulation of the strongest user, and use
the non-coherent single-user receiver in the absence of interference (2.7)
as a reference. The results are presented for a fixed PB, i.e., increasing
∆P amounts to increasing PA. Hence, for the four values of ∆P studied,
the baseline SER is inherently shifted horizontally by the corresponding
increase of power PA. For identical received powers (∆P = 0 dB), the
SERs of both users become equivalent and level off near a SER of 10−3.
With ∆P = 1.5 dB, the two-user detector reaches a SER value of 10−3

with an SNR of −6.5 dB, whereas the detector of (2.7) in a single-user sce-
nario requires a 3-dB lower SNR for the same target. For ∆P = 3 dB and
∆P = 6 dB, the SNR difference between the two scenarios reduces to 2.5 dB
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Fig. 5.6 SERs of both users for different values ∆P = PA − PB with SF =
7, τ = 16.25 and ∆ fc = 0. The thick gray lines show the SER of the single-
user receiver (2.7) in the absence of interference (PB = −∞ dB) for the SNRs
of the strong user.

and 1 dB, respectively. These results illustrate that, for an increasing ∆P,
the SER of the strongest user converges to the SER of the no-interference
case.

Interestingly, provided a small difference of received powers between
the users, the value of ∆P itself does not significantly affect the error rates
for the weakest user. We observe for example that the performance of the
weak user for ∆P = 3 dB and ∆P = 6 dB is almost identical and similar
to the case with ∆P = 1.5 dB. The error rates however increase for ∆P =

0 dB. The two-user detection rule (5.21) notably relies on the energy of
the symbols to identify their corresponding user. When both users exhibit
close received powers, the two-user detector is more likely to confuse their
respective demodulated symbols. In this situation, the uncoded receiver
is unable to correctly assign some demodulated symbol sequences to their
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Fig. 5.7 SERs of both users for different spreading factors with ∆P =
3 dB, LSTO = N/8, λSTO = 0.25 and ∆ fc = 0.

respective users, even in high SNR regions.
Overall, the proposed two-user receiver yields useful SER values for

the weak user when at least a small difference of received power ∆P exists.
This observed behavior is a very positive result, since in typical single-user
LoRa receivers the weak user is always lost.

5.4.4 Impact of Different Spreading Factors

We finally discuss the impact of the spreading factor on the performance
of the two-user detector. Fig. 5.7 shows the SER of both the strong and
the weak user for three spreading factors SF = 7, 9 and 11. For the non-
coherent single-user receiver (2.7), every increment of the SF by one en-
hances the spreading gain of the modulation by approximately 2.5 dB [60].
A similar behavior can be observed for the detection of the strongest user,
as increasing the spreading factor by two reduces the SNR requirements by
approximately 5 dB for all SERs. Regarding the weakest user, the required
SNR to attain a 10−3 SER when increasing the spreading factor from 7 to
9 decreases by 7 dB. This 7 dB improvement not only stems from the in-
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creased spreading gain, but also from more accurate estimates θ̂
(k)
A .

Since the number of different LoRa symbols N = 2SF increases with

the spreading factor, the probability that, during window k, symbol s(k)A

of the strong user overlaps in frequency with symbols s(k−1)
B or s(k)B of the

weak user also decreases. As a consequence, the phase estimator for θ̂
(k)
A

is less prone to suffer from interference coming from the weakest user. For
SF = 7, an inflexion point in the error rate can be observed at a SER of
0.3 · 10−2, i.e., for a−7 dB SNR. At lower SNR levels, the SER is dominated
by errors due to noise, whereas for SNRs greater than −7 dB, the inaccura-

cies of the estimates θ̂
(k)
A prevent the receiver from correctly removing the

contribution of user A before detecting the symbols of user B. By increas-
ing the spreading factor to 9 and 11, this inflexion point drops to a SER

of 0.9 · 10−3 and 0.4 · 10−3, respectively, and inaccurate estimates of θ̂
(k)
A

become less relevant.

5.5 Software-Defined Radio Implementation

To demonstrate the practicality of the proposed two-user detector in a
complete receiver chain, we implemented it in the GNU Radio software-
defined radio environment, along with an adaptive multi-user synchro-
nization algorithm that is robust to same-SF interference. The two-user
detector derived in Section 5.3 requires estimates of the received power,
STO, and CFO of each user. Conventional single-user synchronization al-
gorithms, such as the algorithm described in Chapter 3, are not capable of
accurately estimating these parameters in the presence of interference from
another user. We hence designed a specific algorithm to this end.

Both the two-user detector and the synchronization algorithm are im-
plemented in an out-of-tree GNU Radio module. This C++ implementation
is open-source and available online [99]. In the following, we first give an
overview of the overall receiver architecture, and then explain the multi-
user synchronization algorithm in detail. We then perform Monte-Carlo
simulations with the GNU Radio implementation to evaluate the impact
of the synchronization algorithm on the performance of the two-user de-
tector. The GNU Radio multi-user implementation is subsequently exper-
imentally validated in a testbed with two interfering LoRa transmitters.
Finally, we briefly discuss the complexity of the proposed receiver.
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Fig. 5.8 Finite state machine representation of the receiver. The receiver
always synchronizes to the strongest user.

5.5.1 Architecture of the Implementation

As previously explained, a LoRa user can start or stop transmitting at any
time during the transmission of another user. Due to the nature of our
two-user detector which demodulates simultaneously the symbols of two
users, a gateway embedding this detector must be capable of tracking in
real time the arrival of a second user during an ongoing transmission. To
this end, the implementation of the two-user receiver follows a three-state
finite state machine (FSM) which is illustrated in Fig. 5.8. Each state corre-
sponds to the current number of colliding users, up to two.

The first stage of the receiver is a multi-user synchronization algorithm.
Compared to the synchronization procedures of the multi-user receivers
from [90, 91, 92, 93, 94, 95], we propose in this section an algorithm that
exploits the quasi-orthogonality between upchirps and downchirps in the
LoRa preamble to estimate the parameters of an arriving user in spite of
another ongoing, colliding transmission. The input of the synchronization
algorithm is an oversampled version ȳ[n] of the received signal, sampled
at the frequency f ′s = RB, where R is the oversampling factor. In the no-
user or single-user states, the algorithm is constantly running to detect the
preamble of a potential arriving user. When a new user is detected, the re-
ceiver estimates its power, CFO and STO using the oversampled received
signal. In the presence of a single first user, the receiver synchronizes in
time and frequency to this user. The synchronization comprises finding
the first sample of the payload in the oversampled signal ȳ[n], decimating
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this signal by a factor R to the Nyquist frequency fs = B, and correcting
the estimated CFO, which finally yields the received signal y[n]. The typ-
ical non-coherent detector of (2.7) is then used to demodulate the payload
symbols in y[n].

Upon the arrival of a second user, the receiver switches to the two-
user detection rules (5.18) and (5.19) that maximize the metric Λ(s̄(k)) with
K = 5. If the new user has a higher received power than the active first
user, the receiver re-synchronizes in time and frequency to this new user.
Maintaining the synchronization to the strongest user is an important con-
dition to achieve decent interference cancellation in the two-user detector,
as explained in Section 5.3. The synchronized signal is split into windows
of N samples, and each window is sent to the demodulation stage. Since

the matched filters M̃(k)
1 and M̃(k)

2 require the knowledge of the effective
CFO ∆ fc and the STO τ, the synchronization algorithm is always ahead
of the demodulation by Npr + 4.25 symbols, i.e., the length of the pream-
ble. This buffering enables the receiver to detect the new user and estimate
its parameters before demodulating the interfering symbols of the already
present user.

5.5.2 Estimation of the Parameters and Preamble Detection

Contrary to synchronization algorithms for single-user receivers, the syn-
chronization algorithm of our two-user receiver has to detect and estimate
the parameters of a new user even in the presence of a colliding user. We
already explained in Chapter 3 that, for a single-user receiver, demodulat-
ing the upchirps and downchirps in the preamble (see Fig. 2.4) allows an
unsynchronized receiver to estimate the integer parts of the CFO and STO.
In a noiseless environment, the symbols sup and sdown of an upchirp and a
downchirp demodulated with the single-user detector from (2.7) yield

sup = (LCFO − LSTO) mod N,

sdown = (LCFO + LSTO) mod N.
(5.22)

The integer offsets LCFO and LSTO are estimated by summing and subtract-
ing sup and sdown, respectively, and dividing the result by two. However,
the conventional single-user detector is typically not able to correctly de-
modulate these symbols in the presence of strong interference. Hence, to
perform a robust estimation of the CFO and STO, we propose instead to
leverage the repetition of the upchirps as well as the almost orthogonal re-
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lationship between the 2.25 downchirps in the preamble of the second user
and the modulated symbols of the first user [100].

The multi-user synchronization algorithm is divided into three stages.
The first stage processes the upchirps of the preamble, the second processes
the downchirps, and a final stage performs the preamble detection and the
parameter estimation.

Estimation of sup and λCFO using the Upchirps

Due to the potential presence of interferers, it is not reliable to demodu-
late sup with the single-user detector of (2.7). To estimate sup, the pro-
posed algorithm downsamples ȳ[n] by a factor R, and distributes the dec-
imated preamble signal into successive windows of N samples. Each win-
dow is then dechirped with the downchirp x∗0 [n]. Let Ȳ(k) be the DFT of
the dechirped signal in the k-th window. In the absence of interference,
Ȳ(k) for an upchirp contains a single bell-shaped function centered around
sup = (LCFO − LSTO) mod N, according to (3.5). While a new user sends a
preamble containing Npr identical upchirps x0[n], it is highly likely that the
payload symbols sent by a colliding same-SF user change over consecutive
windows. We suggest to use the temporal repetition of the same upchirp
in the preamble to filter out the time-varying symbols from an interfering
user. In particular, we multiply the magnitudes of Ȳ(k) over Npr − 1 con-
secutive windows and we perform the symbol decision on this product

ŝ(k)up = arg max
s

k+Npr−1

∏
i=k

∣∣∣Ȳ(i) [s]
∣∣∣ . (5.23)

The multiplication increases the magnitude of the frequency bins contain-
ing the identical symbols sup, but it attenuates the energy of the payload
symbols from the interfering users, which are located in different bins.

The preamble upchirps are then also used to estimate the fractional car-
rier frequency offset λCFO. We here re-use the estimator of (3.9), i.e., this

offset can be estimated by multiplying the DFT bin Ȳ(k)
[
ŝ(k)up

]
with the

complex conjugate of the same bin from the previous upchirp, and look-
ing at the phase of the product. In a two-user scenario however, there is
a non-negligible probability that a symbol from the interferer overlaps in
frequency with an upchirp of the new user, hence corrupting the estimate.
Thus, to minimize the estimation errors due to noise or interference, we
compute the estimate λ̂

(k)
CFO over the same Npr − 1 upchirps used to evalu-
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ate ŝ(k)up with the preamble upchirps

λ̂
(k)
CFO =

1
2π

arg

k+Npr−2

∑
i=k+1

Ȳ(i)
[
ŝ(k)up

]
Ȳ∗(i−1)

[
ŝ(k)up

] . (5.24)

Estimation of sdown and λSTO using the Downchirps

To estimate sdown = (LCFO + LSTO) mod N using the preamble down-
chirps, we suggest to perform a matched filtering on the whole received
preamble. When demodulating a LoRa symbol, a matched filter with N
modulated downchirps is equivalent to the combination of the dechirping
stage and the DFT stage. An oversampled matched filter however allows
to simultaneously estimate the fractional time offset λSTO.

The proposed filter H(k) looks for two consecutive unmodulated down-
chirps in the time windows k − 1 and k-th of RN samples each from the
oversampled signal ȳ[n]. This filter also corrects for the fractional CFO,

using the estimate λ̂
(k−Npr−2)
CFO obtained Npr − 2 windows before

H(k)[n, p] =
1
N

2N−1

∑
m=0

ȳ[R(Nk + m− n)− p]

· exp

(
j2π

(
m2

2N
− m

2
− m

N
λ̂
(k−Npr−2)
CFO

))
,

(5.25)

where p ∈ {0, . . . , R− 1}.
Let P be the received power of the arriving user. In the absence of inter-

ferers and noise, the filter reaches a maximum output magnitude of 2
√

P
when it is aligned to the two downchirps. In this case, the peak at 2

√
P

is attained for n(k)max = sdown and p(k)max = bRλSTOe. Similarly, when only
one downchirp is aligned, i.e., one window before or after the maximum
at 2
√

P, the magnitude of the output attains
√

P, for the same values of n
and p. As the filter H(k)[n, p] is matched to downchirps, symbols from in-
terferers, which are modulated with upchirps, are almost orthogonal and
can hence be seen as AWGN [100]. This property is illustrated in Fig. 5.9.

Preamble Detection

The preamble detection is performed using the outputs H(k)[n, p] of the

matched filter. The indices n(k)max, p(k)max of the largest absolute value of the
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Fig. 5.9 Output of the matched filter H(k) on a received signal containing
an entire preamble from a new user and random payload symbols from a
3-dB stronger interfering user with the same SF. The matched filter yields
three distinct peaks of heights

√
P, 2
√

P,
√

P spaced by RN samples when
the downchirps of the preamble are processed. Conversely, the energy of
the preamble upchirps and interfering payload symbols is spread over the
whole filter output.

matched filter output
∣∣∣H(k)[n, p]

∣∣∣ are identified for each window. The algo-

rithm detects a preamble when a succession of peaks of height
√

P, 2
√

P,√
P spaced by RN samples is observed, such that the following conditions

are met: ∣∣∣H(k−1)[n(k)max, p(k)max]−
√

P̂(k)
∣∣∣ < T(k), (5.26)∣∣∣H(k+1)[n(k)max, p(k)max]−

√
P̂(k)

∣∣∣ < T(k), (5.27)

where T(k) =
√

P̂(k) + σ2
N + 2

π is a threshold that depends on the noise

level and the spreading factor, and P̂(k) =
(

0.5H(k)
[
n(k)max, p(k)max

])2
is the

estimated received power.

Upon detection of a preamble, the symbols ŝ
(k−Npr−2)
up and ŝ(k)down =

n(k)max are used to estimate LCFO and LSTO following (5.22). The values

λ̂
(k)
STO = b p(k)max

R e and λ̂
(k−Npr−2)
CFO are selected as estimates of the fractional

STO and CFO, respectively. It is worth noting that the proposed pream-
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ble detection rule is not guaranteed to work when the downchirps of two
preambles collide, i.e., when the absolute time offset between the starts of
the packets is smaller than 2.25 symbols. The probability that this scenario
arises when two users collide is however negligible in practice, since the
preamble is 12.25 symbols long and LoRaWAN frames carry at least 33
payload symbols for SF = 7 and 23 symbols for SF = 12 [33, 27].

5.5.3 Detector Performance with Synchronization Algorithm

In the following, we evaluate in simulation the performance of our two-
user detector when the parameters of the colliding users are estimated us-
ing the proposed multi-user synchronization algorithm. To analyze the
performance of the two-user detector under non-ideal, but realistic syn-
chronization conditions, we first focus on the per-user SER when the re-
ceiver jointly demodulates two superimposed users after synchronizing
with the proposed algorithm. The impact of the synchronization on the
SERs is then further analyzed by studying the root mean square errors
(RMSE) of the STO, the CFO and the received power estimates.

The following results are obtained by simulating collisions in an AWGN
channel between two LoRa transmitters using the GNU Radio software-
defined-radio environment. In each Monte-Carlo trial, both transmitters
send a LoRa packet with a preamble of 12.25 symbols and 32 random data
symbols to the receiver. 70′000 trials are carried out per SNR level. To
clearly illustrate the impact of the synchronization stage on the two-user
detector, STO and CFO values that maximize the detection performance
for both users have been chosen. The starting time of the transmission
of the second user is delayed by 15 symbols and τ = 64.5 samples with
respect to the first user. The CFO between the two users is set such that
LCFO + λCFO = 20.5 and the transmit power of the second user is chosen
3-dB stronger than the power of the first user. AWGN is simulated at the
receiver, and different SNR levels are obtained by sweeping the transmit
powers of both users together. The receiver samples the received signal
with an oversampling factor of R = 8. For the first user, only its payload
symbols are subject to interference, whereas the colliding symbols of the
second user comprise both preamble and payload symbols. Only the 15
overlapping payload symbols are used for the computation of the SERs.
Trials in which the packet of the weakest user is not detected are not taken
into account, as the two-user detector is not enabled in this scenario. For
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Fig. 5.10 SERs of both users for the proposed two-user detector with
perfect synchronization and our multi-user synchronization algorithm for
τ = 64.5, LCFO = 20, λCFO = 0.5, SF = 7 and ∆P = 3dB.

all simulated SNR levels and for both users, the probability of preamble
misdetection is on average at least one order of magnitude smaller than
the frame error rate.

Fig. 5.10 shows the SERs of both users with ideal synchronization and
when the user parameters are estimated with the proposed multi-user syn-
chronization algorithm. These SERs do not include the demodulation of
the symbols that do not collide with another frame (i.e., the single-user
state in the FSM of Fig. 5.8), since the proposed two-user detector is not
used for these symbols that have an overall much lower SER. For a tar-
get SER of 10−3, we observe for both users a loss of about 2 dB between
the simulations with perfect synchronization and with our practical multi-
user synchronization algorithm. To understand why this loss applies to
both users, we show the root mean square errors (RMSE) of the estimates
of the fractional STO λSTO, fractional CFO λCFO and received power P of
each user in Fig. 5.11. For all three parameters, the RMSEs of the first and
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Fig. 5.11 Root mean square errors of estimates of the fractional STO, frac-
tional CFO and received power of each user for R = 8.

second user are very similar, i.e., the estimates of the second user are not
impaired by the presence of the other colliding user. In our simulations,
the integer STO and CFO are always correctly estimated when the pream-
ble is detected. Our synchronization algorithm is hence robust to same-SF
interferers, but induces a performance loss for the two-user detector.

The 2-dB loss is mainly due to the fractional STO, whose estimates are
one order of magnitude less accurate than those of λCFO. The inaccuracy
on λSTO stems from the fact that our estimator relies on a matched filter
with an oversampling factor R followed by a decision for the best match.

As such, the resolution of the estimates λ̂
(k)
STO is limited by R, even in the

absence of noise. The estimation of the fractional CFO does not suffer from
this limitation. We finally note that the estimator of the received power is
biased as its RMSE floors at high SNR. This bias however does not strongly
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Fig. 5.12 Multi-user testbed with two USRPs as Tx and one USRP as Rx.

impact the two-user detector, since the SERs of both users decrease well
below 10−4.

5.5.4 Experimental Validation in a Testbed

We subsequently seek to validate our GNU Radio implementation in an
experimental testbed, shown in Fig. 5.12. The testbed uses three National
Instruments (NI) 2920 USRP transceivers, with two acting as transmitters
and the third one implementing the two-user receiver. The transmission
of the LoRa frames is achieved using the open-source GNU Radio LoRa
prototype of Tapparel et al. described in [40], which has been tested to be
compatible with commercial LoRa devices. The nominal carrier frequency
used by both transmitters is 868 MHz. To avoid interference from other
sources in the 868 MHz band, the transmitters are connected to the multi-
user receiver with an RF combiner. Two −30 dB attenuators are inserted
between the combiner and the receiver to attain the low SNR regions of in-
terest. Both transmit USRPs share the same reference clock, which enables
GNU Radio to define the STO τ and the effective CFO ∆ fc between the
transmitters. The CFO and STO between the transmitters and the receiver
are not controlled in the testbed, but are corrected by the receiver when it
synchronizes to the strongest transmitter.

The following results are obtained by creating collisions between the
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Fig. 5.13 Simulation with ideal synchronization and experimental SERs
of the two transmitters for different values of τ and λCFO, with SF = 7,
LCFO = 0 and PA − PB = 3 dB.

two transmit USRPs. In each experiment, both transmitters send a LoRa
packet with a preamble of 12.25 symbols and 32 random data symbols to
the receiver. The starting time of the transmission of the second user is
delayed by 15 symbols and τ samples with respect to the first user. The
SER vs SNR curves are obtained by sweeping through the transmit gains
of the transmit USRPs. A total of 20 000 experiments are performed for
each SNR level. As for the simulation results, we focus on per-user SERs
when the receiver jointly demodulates two superimposed users. The SNR
is measured at the arrival of the first user, as the ratio between the power of
the maximum DFT bin over the power contained in the rest of the bins after
synchronization. The SER is computed following the same methodology
used in the previous section.

Fig. 5.13 shows the experimental SERs of both users along with Monte-
Carlo simulation results for two different combinations of STOs τ and frac-

114 |



Software-Defined Radio Implementation | 5.5

tional CFOs λCFO, PA − PB = 3 dB and an oversampling factor R = 8. The
simulation results assume perfect synchronization, i.e., the received power,
CFO, and STO of each user are known. The SER differences between the
simulation and experimental results mainly illustrate the impact of the syn-
chronization stage and the non-idealities present in the testbed.

For a target SER of 10−3, we observe that the SNR loss is at best of 2.5 dB
(for τ = 16.50 and λCFO = 0), and is thus similar to the previous results
of Fig. (5.10). This SER target is also attained for both users in the sce-
nario τ = 16.25 and λCFO = 0.25. Overall, these results validate that our
GNU Radio implementation of the proposed two-user receiver is capable
of detecting and demodulating two colliding LoRa packets in an experi-
mental setup. We however note some performance losses with respect to
the Monte-Carlo simulations under ideal synchronization. Regarding the
scenario with τ = 16.25 and λCFO = 0.25, we observe that the experimen-
tal SERs of both users level off for SNRs higher than−4 dB. This flooring of
the SERs at high SNRs, which does not arise in simulation, highlights the
difficulty of the detector to demodulate colliding users in scenarios where
both users have similar spectral representations and when residual syn-
chronization errors remain.

5.5.5 Receiver Complexity Evaluation

We finally evaluate the complexity of the proposed two-user receiver, in-
cluding the synchronization stage. As discussed in Chapter 2, conven-
tional single-user LoRa gateways use a single N-point FFT per symbol of
N samples to carry out both the synchronization and the demodulation.
Assuming a Radix-2 FFT implementation, the processing of each input
sample implies N

2 log N complex multiplications. Our two-user detection
rule requires, in addition to the FFT, the computation of KN outputs of the

matched filters M̃(k)
1 and M̃(k)

2 per symbol, which amounts to KN complex
MAC operations per sample. For SF = 7 and SF = 12, this overhead corre-
sponds to 640 and 20480 MACs per sample (K = 5), respectively, whereas
the FFT requires 3.5 and 6 complex multiplications per sample. Similarly,
the synchronization stage uses R parallel matched filters of length 2N on
top of the FFT, which necessitate 2N additional MAC operations per sam-
ple (256 and 8192 MACs for SF = 7 and SF = 12, respectively).

For the typical bandwidth and sampling frequency B = fs = 125 kHz,
the computational overhead of our receiver varies between 112 · 106 (SF =

| 115



5 | A Maximum-Likelihood-based Two-User Receiver

7) and 3.5 · 106 (SF = 12) MACs per second. As a comparison, 5G NR
mobile terminals carry out 4096-point FFTs with sampling rates up to fs =

122 MHz [101], requiring 732 · 106 complex multiplications per second for
a Radix-2 FFT. Hence, thanks to the small bandwidths of LoRa signals, the
overall complexity of the proposed gateway receiver remains similar to
those of modern cellular terminals.

5.6 Discussion and Summary

Multi-user receivers are required to overcome the scalability limitations of
LoRa networks. In this chapter, we derived from the ML criterion a multi-
user detector capable of demodulating symbols from two interfering LoRa
users. The proposed detector inherently leverages the omnipresent differ-
ences in received power, time offsets, and frequency offsets to separate and
demodulate the contribution of each user. For at least a 1.5 dB difference
of received power between the users, the detector is able to demodulate
both users with useful error rates. To illustrate how this two-user detector
may operate in a practical receiver, we designed a synchronization algo-
rithm that is robust to same-SF interference and implemented both blocks
in GNU Radio. Experimental results have shown that our GNU Radio
implementation demodulates two colliding users with SERs below 10−3,
hence demonstrating the practicality of such a receiver.

Yet, the different performance analyses conducted in this chapter in-
dicate that the ML-derived two-user receiver shows lower performance
when either (a) both users are closely synchronized in time and frequency
and thus share similar spectral representations (b) the difference of re-
ceived power between the users is small (c) residual synchronization er-
rors remain after the synchronization stage. In such scenarios, the proba-
bility of a symbol error greatly increases when colliding symbols overlap
in frequency. These overlaps in frequency, which are inherent to the two-
user signal model of (5.3), are the dominating error events and may induce
error rate floors at high SNR, as discussed in Sections 5.4.4 and 5.5.4. For-
tunately, the BICM strategy implemented in the LoRa PHY provides re-
dundancy and time-diversity to overcome this issue. Since we did not yet
consider the interleaving and coding at the receiver, the objective of the
next chapter is to further improve the proposed two-user detector by fully
exploiting the BICM scheme of LoRa.
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We derived in the previous chapter a ML-based two-user detector and we
demonstrated its practicality by evaluating it in a testbed with an SDR im-
plementation. However, we did not investigate so far the potential benefits
of the interleaving and coding in the LoRa PHY for a multi-user receiver. A
previous work has shown that the BICM scheme of LoRa provides impor-
tant performance gains in Rayleigh fading channels, when the demodula-
tion and decoding stages use soft decisions [19]. Since the dominating error
events of the two-user detector from Chapter 5 are the infrequent overlaps
in frequency of interfering symbols, an intuitive follow-up to the previous
chapter is to assess whether the time-diversity provided by the BICM also
helps to overcome these events in a two-user soft-receiver. The first ob-
jective of this chapter is therefore to design a successive interference can-
cellation (SIC) two-user detector that implements a soft-demodulation and
soft-decoding of each user based on the matched filters derived in Chap-
ter 5. Monte-Carlo simulations of this SIC receiver show that leveraging
the coding with soft decisions greatly decreases the required SNRs to suc-
cessfully demodulate two colliding users.

Moreover, Chapter 5 only focused on the PHY layer implementation of
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a multi-user LoRaWAN gateway. The corresponding throughput improve-
ments at the MAC layer have also not been analyzed. The second objective
of this chapter is hence to evaluate the benefits of deploying our proposed
SIC two-user soft-receiver in a LoRaWAN network. To this end, we ex-
tended the LoRaWAN module [22] of the ns-3 simulator with a model of
the proposed two-user gateway. Network simulation results indicate that,
for a target frame error rate of 1%, our proposed detector is capable of
serving 4.7 times more LoRa end nodes than a conventional single-user
gateway.

This chapter is organized as follows. In Section 6.1, we explain the im-
plementation of a single-user LoRa soft-receiver. In Section 6.2, we design
an iterative two-user SIC soft-detector and evaluate its performance for
different parameters (coding rate, spreading factor, ...). Finally, we evalu-
ate and discuss in Section 6.3 the benefits of our proposed receiver on the
scalability and reliability of a LoRaWAN network.

6.1 Iterative Single-User BICM LoRa Soft-Receiver

Iterating between a soft-input soft-output (SISO) demodulator and a SISO
decoder is an efficient approach to improve the error rate performance over
hard-decisions receivers [102]. The architecture of such an iterative single-
user LoRa receiver is shown in Fig. 6.1 [19]. To describe its functioning, we
now consider only one user transmitting a sequence of kcSF payload bits
over an AWGN channel. Following the notations introduced in Chapter 2,
we denote the transmitted payload bits as b(m,p) with m ∈ {0, . . . , SF− 1}
and p ∈ {0, . . . , kc − 1} denoting the row and column, respectively, of the
bit matrix before encoding and interleaving. Further, let b̄(m,k) and b̄′(k,m)

with k ∈ {0, . . . , nc − 1} be the corresponding coded bits before and after
interleaving, respectively. The nc rows of bits b̄′(k,m) are mapped to the
symbols x(k)[n] using (2.2).

The corresponding nc received symbols are represented by y(k)[n] =

h(k)x(k)[n] + z(k)[n], where h(k) ∈ C is the complex-valued channel gain
during the transmission of the k-th symbol. As in Chapter 5, we assume
that the magnitudes of the gains h(k) are constant and equal to

√
P during

the whole frame reception, whereas the phase of h(k) may change over
time.

For a non-coherent detection, the likelihood that the transmitter sent
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Single-user LoRa BICM Receiver
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Fig. 6.1 Illustration of an iterative BICM LoRa soft-receiver.

the candidate symbol s̄ during the k-th window is given by

Λ(s̄|y(k)) = K · I0

(√
P

σ2

∣∣∣Y(k)[s̄]
∣∣∣) , (6.1)

where Y(k)[s̄] is the N-point DFT of ỹ(k)[n] = y(k)[n] · x∗0 [n] and K is a
constant common to all symbols [19].

To compute soft information at the output of the demodulator, the like-
lihoods Λ(s̄|y(k)) are mapped to log-likelihood ratios (LLRs) [102]

z′(k,m) = log

∑
s̄:gm(s̄)=1

Λ(s̄|y(k))
SF−1

∏
i=0,i 6=m

egi(s̄)v
′(k,i)

∑
s̄:gm(s̄)=0

Λ(s̄|y(k))
SF−1

∏
i=0,i 6=m

egi(s̄)v
′(k,i)

, (6.2)

where gi(s̄) returns the i-th bit of the symbol s̄ in the Gray labeling, and
v′(k,m) are the a priori LLRs computed by the soft Hamming decoder after
re-interleaving. During the first iteration, we have v′(k,m) = 0. In practical
receivers, the complexity of computing the LLRs z′(k,m) is reduced by using
the max-log approximation [103], which here yields

z′(k,m)= max
s̄:gm(s̄)=1

[
log I0

(√
P

σ2 |Y[s̄]|
)
+

SF−1

∑
i=0,i 6=m

gi(s̄)v
′(k,i)

]

− max
s̄:gm(s̄)=0

[
log I0

(√
P

σ2 |Y[s̄]|
)
+

SF−1

∑
i=0,i 6=m

gi(s̄)v
′(k,i)

]
.

(6.3)

The LLRs z′(k,m) are subsequently de-interleaved and fed to a Ham-
ming soft-decoder (e.g., [104]). This soft-decoder outputs new LLR values
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v(m,k), from which an estimation b̂(m,p) of the transmitted bits is obtained.
To further improve the receiver performance, several iterations between
the soft-demodulator and the soft-detector can be computed. To this end,
the LLRs v(m,k) are re-interleaved and fed as a priori information v′(k,m) to
the soft-demodulator.

6.2 Designing a Two-User SIC LoRa Soft-Detector

Motivated by the resilience of the BICM scheme against time-varying chan-
nels, we present in this section a two-user SIC soft-detector derived from
the previously described iterative single-user detector. This two-user soft-
detector re-uses key elements of the ML-based two-user detector from
Chapter 5, including the same signal model. The strongest user is also
decoded first, and its contribution to the received signal is removed from
the received signal before the weakest user is decoded. Yet, contrary to the
ML-based detector, the proposed two-user soft-detector leverages the soft-
output of the Hamming decoding to achieve a more accurate interference
cancellation of the strongest user.

As for the two-user receiver described in Chapter 5, we assume for the
remainder of this chapter that the proposed two-user detector is always
synchronized to the strongest user and that it has perfect knowledge of the
users received powers PA and PB, and of the STO τ and the residual CFO
∆ fc between them.

The architecture of the proposed two-user soft-detector is described
first. We then explain in more detail its interference-cancellation algorithm
and the asynchronous soft-demodulator used to detect the symbols of the
non-synchronized weak user. An analysis of the performance of the two-
user detector concludes this section.

6.2.1 Architecture of the Proposed Two-User SIC Soft-Detector

Fig. 6.2 shows the architecture of the proposed successive interference can-
cellation two-user soft-detector. The detector contains two branches, each
detecting a different user. The upper branch performs first the demodu-
lation and detection of the user with the strongest received power. In the
lower branch, the presumed signal contribution of the strongest user is
subtracted from the received signal and the message of the weakest user
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Fig. 6.2 Illustration of the proposed two-user SIC soft-receiver.

is decoded. If a single user is detected by the synchronization stage, only
the upper branch can be used, and the proposed detector falls back to the
single-user soft-detector presented in Section 6.1.

In the following derivations, we assume without loss of generality that
PA > PB. The gateway is hence synchronized to user A. The received
samples after synchronization are split into windows y(k)[n] of N sam-
ples, following the signal model from (5.3). The detector first dechirps
each window of N samples, yielding the dechirped signal ỹ(k)[n] whose
expression without AWGN is provided in (5.5). The operations used to
detect the strongest user are strictly identical to those of the single-user
detector presented in Section 6.1. The soft-demodulator of (6.3) processes
the dechirped signal ỹ(k)[n] with

√
P =

√
PA and by considering the con-

tribution of user B only as additional white noise. The LLRs z′(k,m)
A from

the demodulator are then de-interleaved and fed to the SISO Hamming

decoder from [104]. The output LLRs v(m,k)
A of the soft-decoder are sub-

sequently re-interleaved and sent back to the soft-demodulator as a priori
information. This iterative decoding of user A leverages the channel code
to further overcome the interference of user B. Let NI be the number of it-
erations carried out by the detector in the branch of the strongest user. We
later show that two iterations are sufficient in practice, and that selecting
NI > 2 does not significantly improve the decoding performance.

Upon the execution of the NI iterations in the upper branch, the inter-

leaved LLRs v′(k,m)
A after decoding are used by an interference-cancellation

algorithm to estimate and subtract the contribution of user A from the
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dechirped signal ỹ(k)[n]. Let ỹ(k)IC [n] be the interference-cancelled signal.

Due to the STO τ, each window ỹ(k)IC [n] contains two symbols of user B.
The demodulation of the k-th symbol of user B hence requires the specific
matched filters from Chapter 5 that account for the STO τ on the windows

ỹ(k)IC [n] and ỹ(k+1)
IC [n]. This asynchronous soft-demodulator outputs LLR

values z′(k,m)
B which are finally interleaved and used in a SISO Hamming

decoder to produce estimates b̂(p,k)
B of the payload bits of user B. The de-

coding of user B is always done in a single iteration since it is not impaired
by the interference of user A.

6.2.2 Cancellation of the Strongest User

The proposed detector performs a hard cancellation of the symbols of user

A. To this end, the interleaved LLRs v′(k,m)
A are mapped back to probabili-

ties. The probability that user A transmitted the candidate symbol s̄ in the
k-th window is

p
(

s(k)A = s̄
∣∣∣∣v′(k,m)

A

)
=

SF−1

∏
i=0

egi(s̄)v
′(k,i)
A

1 + ev′(k,i)
A

. (6.4)

The detector then selects the symbol ŝ(k)A , which is the symbol that was the
most likely to have been sent by user A

ŝ(k)A = arg max
s̄

p
(

s(k)A = s̄
∣∣∣∣v′(k,m)

A

)
. (6.5)

To subtract the estimated symbol ŝ(k)A from ỹ(k)[n], the detector requires

an estimate of its initial phase θ
(k)
A . We here re-use the phase estimator

introduced in Chapter 5, where θ
(k)
A is estimated by retrieving the phase of

the bin ŝ(k)A in the DFT Y(k), i.e., θ̂
(k)
A = arctan

(
Y(k)

[
ŝ(k)A

])
. The presumed

contribution of user A is then cancelled from the dechirped signal ỹ(k)[n]

ỹ(k)IC [n] = ỹ(k)[n]−
√

PAejθ̂(k)A ej2πŝ(k)A
n
N . (6.6)
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Fig. 6.3 Illustration of the asynchronicity in time between the users A
and B, with the sampling time offset τ.

6.2.3 Demodulation of the Weakest User

Since the gateway is not synchronized to user B, the demodulation of this
user must take into account both the STO τ and the residual CFO ∆ fc. Fol-
lowing the dechirped signal model of (5.5) and as illustrated in Fig. 6.3, the

symbol s̄(k−1)
B of user B is split over the two windows ỹ(k−1)[n] and ỹ(k)[n].

For the demodulation of this user, we propose to re-use the matched fil-

ter expressions M(k)
1 and M(k)

2 of (5.13) and (5.15), respectively, obtained in

Chapter 5. Therefore, to detect s̄(k−1)
B , the asynchronous soft-demodulator

computes the matched filters M(k−1)
2 and M(k)

1 over the last N − dτe sam-

ples of ỹ(k−1)
IC [n] and the first dτe samples of ỹ(k)IC [n], respectively.

If the symbols s(k−1)
A and s(k)A have correctly been cancelled in ỹ(k−1)

IC [n]

and ỹ(k)IC [n], respectively, it can be shown that the likelihood that user B sent

the candidate symbol s̄(k−1)
B is

Λ
(

s̄(k−1)
B

∣∣∣ỹ(k)IC [n]
)
= K′ I0

(√
PB

σ2

∣∣∣Y(k−1)
B

[
s̄(k−1)

B

]∣∣∣), (6.7)

where Y(k−1)
B [s̄] = M(k−1)

2 [s̄] + M(k)
1 [s̄] is the summation of both matched

filters, and K′ is a constant common to all symbols of user B. Since the
proposed detector does not iterate for the weakest user, the LLRs at the
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output of the soft-demodulator are evaluated as

z′(k−1,m)
B = max

s̄:gm(s̄)=1

[
log I0

(√
PB

σ2

∣∣∣Y(k−1)
B [s̄]

∣∣∣)]
− max

s̄:gm(s̄)=0

[
log I0

(√
PB

σ2

∣∣∣Y(k−1)
B [s̄]

∣∣∣)] .
(6.8)

6.2.4 Performance Analysis

The performance of our two-user SIC detector is now analyzed for different
parameters. In the following results, we always simulate a scenario with
two interfering users using the same SF. The users have a received power
difference ∆P = PA − PB of 1.5 dB. This choice of ∆P is motivated by the
fact the spreading gain of the modulation increases by approximately 3 dB
when the SF is incremented [105]. Therefore, in a network where the SFs of
all users are optimally allocated, all nodes using the same SF should have
at the gateway a difference of received powers ∆P of at most 3 dB.

Coding Rate
We first study the impact of the coding rate on the decoding performance
in a typical scenario with SF = 7. Fig. 6.4 shows the bit error rate (BER)
of the strongest and weakest user, which are separated in time by a small
STO τ = N

8 = 16.0. There is no residual CFO, i.e., ∆ fc = 0. The strongest
user is demodulated using NI = 2 iterations.

In the absence of coding (CR = 4/4) and for a target BER of 10−4, we
observe that the strong and weak user need an SNR of 3.5 dB and 2 dB to
be correctly demodulated, respectively. In a single-user scenario, this BER
is attained for a much lower SNR of−7 dB [19]. When enabling the coding
with CR = 4/5, the required SNRs to achieve the same BER are−1.5 dB and
−3 dB for the strongest and weakest user, respectively, whereas in a single-
user scenario, the corresponding SNR is at −8.5 dB. With CR = 4/7, the
required SNRs even further decrease to−8 dB for both users. The required
single-user SNR at this coding rate is −10 dB [19]. When comparing the
required SNRs for the strongest user in the presence and the absence of a
second user, we see that the gap reduces from 10.5 dB for CR = 4/4 to 2 dB
for CR = 4/7. This important reduction indicates that the combination of
the interleaving and the Hamming coding in the BICM scheme strongly
helps a SIC soft-detector to demodulate the strongest user in the presence
of same-SF interference.
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Fig. 6.4 BERs of both users for different coding rates CR, with SF = 7,
τ = 16.0, ∆ fc = 0 and ∆P = 1.5 dB. For CR = 4/5 and 4/7, the strongest
user is decoded with NI = 2 iterations.

Number of Iterations

We now analyze the benefits of performing several iterations when de-
modulating the strongest user. For single-user BICM communications, it is
well-known that Gray labeling offers the best first-pass performance, but
yields no significant extra gain with iterative decoding [106]. These re-
sults have been confirmed in [19] for an iterative BICM LoRa single-user
receiver. The authors show that for SF = 7, CR = 4/7 and a 10−4 BER,
increasing the number of iterations from one to four only brings an SNR
gain of 0.5 dB. We here show that in the case of our two-user SIC receiver,
more significant SNR gains can be obtained.

Fig. 6.5 presents the BERs of both users for one, two and four iterations,
with the same parameters as before and a coding rate of 4/7. In the present
example, increasing NI to two decreases the required SNR for the strongest
user by 2 dB, and by 1.25 dB for the weakest user. Improving the demod-
ulation of the strongest user also benefits the BER of the weakest user, as
the contribution of the former is better cancelled before demodulating the
latter. However, no further significant gains are observed for NI = 4. We
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Fig. 6.5 BERs of both users for different numbers of iterations in the de-
coding of the strongest user, with SF = 7, CR = 4/7, τ = 16.0, ∆ fc = 0 and
∆P = 1.5 dB.

hence suggest limiting the number of iterations to two, in order to keep the
complexity of the receiver as low as possible.

Averaging over the STO and CFO
The previous results have been obtained for specific values of STO τ and
CFO ∆ fc. However, we showed in Chapter 5 that the performance of
a multi-user LoRa receiver strongly depends on the synchronization in
time and frequency of the colliding users. While the contribution of the
strongest and synchronized user to the signal after dechirping ỹ(k)[n] is al-
ways a Kronecker delta in the frequency domain, the spectral representa-
tion of the asynchronous user symbols is, depending on the STO and CFO,
modified to a bell-shaped function that spreads across several DFT bins.
The more the signal of the asynchronous user is spread out, the higher is
the probability of correctly decoding the synchronized user.

To evaluate the performance of our proposed two-user detector in prac-
tical scenarios, Fig. 6.6 shows the averaged probability of correctly receiv-
ing the overlapping frames of two users for random values of τ and ∆ fc,
with ∆P = 1.5 dB and CR = 4/7. The values of the STO τ and CFO ∆ fc are
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Fig. 6.6 Averaged FERs of both users over random values of τ and ∆ fc
for different spreading factors, with ∆P = 1.5 dB, CR = 4/7 and NI = 2
iterations. For all spreading factors, the colliding frames have a length of
10 information bytes. The thick gray lines show the FER of the proposed
receiver in the absence of a second user.

uniformly distributed in the intervals [0, N) and [− fs
2N , fs

2N ], respectively.
The frame error rates (FERs) of the same detector in the presence of a single
user at the same SNR levels (shown in gray) are also presented as baseline
performance. For SF = 7 and a target FER of 10−2, we observe that our
SIC soft-receiver requires only 2 dB and 0.5 dB higher SNRs to demodulate
the strongest and weakest user, respectively, compared to the correspond-
ing single-user scenarios. At higher spreading factors, we also observe that
our proposed detector fully benefits from the spreading gain of the modu-
lation. These averaged FERs show that our proposed two-user receiver is
capable of satisfactorily decoding the interfering users for all SFs, with only
a small SNR penalty compared to the corresponding single-user scenarios.
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6.3 Network-Level Performance Evaluation

To better assess the benefits of the proposed two-user soft-detector, this sec-
tion presents a network-level performance evaluation using the discrete-
event network simulator ns-3 [107]. To this end, we significantly extend
the ns-3 LoRaWAN module from [22] to include models of (a) a single-user
gateway with capture effect as modeled in [22] (b) a more realistic paramet-
ric single-user soft-receiver PHY model and (c) a detailed PHY model of
our proposed two-user soft-detector. We first briefly explain how the net-
work simulations are conducted within ns-3. We then describe the three
studied LoRa gateway models, and we also explain the simulation param-
eters. On this basis, we finally analyze the performance of a LoRaWAN
network using the different implemented gateway models to compare the
single-user with the proposed two-user detector.

6.3.1 Simulation Methodology

We simulate a single LoRa cell, composed of one central gateway sur-
rounded by end nodes. Both the gateway and the end nodes have mod-
els specifying their behaviour at the physical and MAC layers. We reuse
all the models from [22], except the physical layer models that we sub-
stitute with more detailed and more accurate stochastic models. To eval-
uate the performance of the single- and two-user receivers, we perform
Monte-Carlo (MC) simulations by computing for each frame the probabil-
ity perr,frame that it is lost (i.e., the decoding led to one or more bit errors).
The outcome of each frame (received or lost) is then decided accordingly
at random using perr,frame. To compute this probability, the frame under
consideration is divided into NS subframes S(n), with n ∈ {0, NS − 1}.
Let I(n) be the set of same-SF users that transmit a frame during the trans-
mission of S(n). The division of the current frame into subframes is done
such that each subframe has a set of interferers I(n) that is distinct from its
neighbours I(n−1) and I(n+1), as illustrated in Fig. 6.7. The error proba-

bility p(n)err of each subframe S(n) is evaluated using the PHY model of the
gateway. Since the NS error events of the subframes are independent, we
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Fig. 6.7 Illustration of subframe division for a frame of user u0, colliding
with the frames of two other same-SF interferers u1 and u2.

can multiply them to obtain the overall frame error probability

perr,frame = 1−
NS−1

∏
n=0

(
1− p(n)err

)
. (6.9)

In our PHY models, we use look-up tables of FERs to rapidly access the

probabilities p(n)err which are obtained offline in PHY layer MATLAB Monte-
Carlo simulations. To ensure the independence of the subframes, despite
the coding and interleaver, these FERs can only be obtained for subframe
lengths that are multiples of nc symbols, i.e., the size of an interleaved
block. We hence approximate the discretization of a frame into subframes
S(n) to the closest interleaver boundaries.

Furthermore, due to the difference in nature between same-SF and inter-
SF interference, these two kinds of collisions need to be modeled differ-
ently. Same-SF interference is directly taken into account in all three con-

sidered PHY gateway models when we obtain the probabilities p(n)err offline.
To reduce the number of offline Monte-Carlo simulations, the inter-SF in-
terference is modeled online within the network simulator by its impact
on the signal-to-interference-plus-noise ratio (SINR). Since the dechirping
sequence x∗0 [n] used in the receivers is specific to each SF, the dechirped
symbols of an interfering user using a different SF remain spread over the
signal bandwidth. We therefore suggest to evaluate the SINR of each frame
received at the gateway, and to use this ratio as SINR parameter in the error

probabilities p(n)err . Let u be the user of interest, and I(n) be the set of inter-SF
interferers active during the transmission of the subframe S(n). We denote
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the received power of a user i at the gateway as Pi. To keep tractable mod-
els, we compute a single SINR value for each frame by selecting the highest
interference level that is observed during its reception

SINR = min
n

Pu

∑
i∈I(n)

Pi + σ2 . (6.10)

The SINRs hence account for the inter-SF interference and the noise, but
not the same-SF interference.

6.3.2 Description of the Gateway Models

We now describe the PHY layer models of the three evaluated receivers in
more detail.

Threshold-based Single-User Receiver
This model implements the behavior of a single-user LoRa gateway sim-
ilarly to [22]. Two conditions on the SINR and on the level of same-SF
interference need to be met for a subframe to be lost. The subframe is
considered lost if the observed SINR is below a threshold SSF, which is
defined as the required SINR to attain an uncoded FER of 0.1% for the SF
used in the absence of both same-SF and inter-SF interference. In addition,
a same-SF interferer is considered sufficiently strong to prevent the correct
decoding of the user of interest if the received power of the interferer is less
than 3 dB below that of the considered user [108]

p(n)err =


1 if


10 log Pu

Pi
< 3 dB for any i ∈ I(n)

or
SINR < SSF,

0 else.

(6.11)

Single-User Receiver with Soft-Decoding
Assuming a hard threshold for the capture effect as described above or in
other publications [22, 108] is however pessimistic. In fact, in some cases, a
frame can still be demodulated for lower differences in received power ∆P
between two same-SF colliding nodes (same-SF SIR) [77]. To allow for a fair
comparison between conventional single-user LoRa receivers and our pro-
posed two-user receiver, we here seek to better model the performance of
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a single-user soft-detector in the presence of a single same-SF interferer. To
this end, we evaluate in MATLAB the FERs of the single-user soft-detector
presented in Section 6.1, but with the two-user signal model of (5.3). Sim-
ilarly to our proposed receiver, we assume that this single-user receiver
is always capable of synchronizing itself to the strongest user, and that it
performs two iterations of soft-demodulation and soft-decoding, but only
for the strongest user. We compute, using MC simulations, a look-up ta-
ble L1U (SF, CR, ∆P, SINR, L) of the FERs for given values of the SF, coding
rate CR, same-SF SIR ∆P, SINR level and subframe length L in symbols.
To reduce the dimensionality of this table, these FERs are computed by
averaging over all possible values of the STO τ and residual CFO ∆ fc, as
explained in Section 6.2.4.

Let L(n) be the length of the subframe under evaluation. We consider
this subframe to be lost if any same-SF colliding frame has a greater re-
ceived power, or if at least two other weaker same-SF colliding frames are
present with same-SF SIRs that are lower than 3 dB. Otherwise, the proba-

bility of loss p(n)err for this subframe is retrieved from the look-up table

p(n)err =


1 if


10 log Pu

Pi
< 0 dB for any i ∈ I(n)

or
10 log Pu

Pi1
< 3 dB and 10 log Pu

Pi2
< 3 dB,

for any i1 ∈ I(n), i2 ∈ I(n) s.t. i1 6= i2,
L1U(SF, CR, Pu

Pi
, SINR, L(n)) else.

(6.12)

Two-User SIC Receiver with Soft-Decoding
Similarly to the previous model, we also compute a look-up table L2U of
the FERs of our proposed two-user receiver using MATLAB MC simula-
tions. Contrary to the single-user receiver, the table L2U also contains FERs
for values 10 log Pu

Pi
< 0 dB, since the two-user receiver also allows the de-

modulation of a weaker user. Nevertheless, in the presence of more than
two concurrent same-SF users with sufficiently strong received powers, we
assume that the subframe is lost. The corresponding subframe error rate
lookup table for ns-3 corresponds to

p(n)err =


1 if

{
10 log Pu

Pi1
< 3 dB and 10 log Pu

Pi2
< 3 dB,

for any i1 ∈ I(n), i2 ∈ I(n) s.t. i1 6= i2,
L2U(SF, CR, Pu

Pi
, SINR, L(n)) else.

(6.13)
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6.3.3 Simulation Parameters

We now discuss the system parameters used in our network-level simula-
tions.

Spatial Distribution of the Nodes

The simulated network consists in a circular cell with a central gateway.
The end nodes surround the gateway following a random uniform distri-
bution. This distribution leads to a homogeneous node density in the cell.

Frame Length

All frames are 25-bytes long, with 13 bytes corresponding to the LoRaWAN
MAC header and 12 bytes for the application payload. This payload length
respects the fair access policy of The Things Network [109].

Frequency Bands

To keep our simulations as focused as possible, we simulate in ns-3 only
one frequency band. The throughput results obtained below can simply
be multiplied by the number of frequency bands used in practice to obtain
the overall network throughput.

Channel Propagation

A log-distance path loss model is used to evaluate the received power of
each node at the gateway. According to [110], we fix the path loss expo-
nent to 3.76 and the reference loss as 7.7dB at one meter. Those value are
representative for an urban area, with a gateway located at a height of 15
meters. On top of the path loss model, we also add an SNR penalty of 3 dB
to account for the RF noise figure and synchronization non-idealities.

Spreading Factor Allocation

We assume that all nodes follow a greedy behavior and select the lowest
possible spreading factor to decrease their transmission time, and hence
their energy consumption. The range of each SF is calculated based on the
previously explained channel propagation model such that all nodes using
this SF have an uncoded FER of at most 0.1% in the absence of any inter-
ference. This policy results in a central disc containing all nodes with SF
7, and non-overlapping annuli whose distances increase with the SFs. The
range of each SF and the repartition of nodes per SF are listed in Table 6.1.
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Spreading Factor 7 8 9 10 11 12
Radius [km] 3.32 3.99 4.80 5.76 6.93 8.32

Percentage of Nodes [%] 16 7 10 15 21 31

Table 6.1 Outcome of the spreading factor allocation across the cell.

Power Allocation
Since the spreading gain of LoRa increases by 3 dB for each increment of
the SF, the nodes inside the annuli have a received power difference among
them of at most 3 dB. On the contrary, the nodes with SF 7, all located in
the central disc, may have more significant received power differences be-
tween them depending on their location in the disk. To reduce the level of
inter-SF interference and maintain decent SINRs for the most distant nodes
in the cell, we reduce the power of SF 7 nodes in steps of 3 dB as they ap-
proach closer to the gateway while keeping the 0.1% FER constraint. Since
LoRaWAN nodes can only vary their output power programmatically in
the range 0 to 14 dBm, the nodes with the SFs from 8 to 12 always use the
highest output power of 14 dBm, and the lowest transmit power for SF 7
nodes is 0 dBm. Fig. 6.8 summarizes the outcome of both the SF and power
allocation in the simulated cell.

6.3.4 Results

We now evaluate and compare the system performance parameters with
the three previously introduced models. We first study independently for
each SF the gain in channel throughput of our proposed two-user detector
compared to the two models of single-user receivers. We then perform an
evaluation of the overall FER within the cell for an increasing node density,
by taking into account all spreading factors.

Throughputs for a Single Spreading Factor
Fig. 6.9 presents the throughput attained for our proposed two-user de-
tector and the two single-user models as a function of the offered load for
the SFs 7 and 8, alongside the performance of single-user pure and slotted
ALOHA, and two-user pure ALOHA schemes. To enable a better interpre-
tation, and comparison of the results to the well studied baseline ALOHA
performance, these first simulations use a single SF and ignore inter-SF in-
terference.
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Fig. 6.8 Power and spreading factor allocation within the cell.

We first study the throughput of the nodes with SF 8. We observe that
the performance of the threshold-based single-user receiver model closely
matches the throughput expectation of a pure ALOHA network. This re-
sult is expected as the only cause of frame losses are same-SF collisions,
which are always destructive in the SF 8 annulus because all nodes have
received powers in the same 3 dB range. On the contrary, thanks to the
more precise modeling using look-up tables, we see that the real through-
put of a single-user soft detector is significantly better compared to the
pessimistic pure ALOHA model. Indeed, the single-user receiver is ca-
pable of sometimes recovering from same-SF collisions and successfully
decode the frames of the strongest user, even when the power difference to
the interferer is smaller than 3 dB. Its network performance, however, re-
mains below that of a pessimistic slotted ALOHA network. Regarding our
proposed two-user soft-detector, we observe that its network throughput
is only slightly below that of a the two-users pure ALOHA model. Since
the two-user ALOHA model assumes an ideal detection of two colliding
users, this result confirms that our detector is capable of decoding two col-
liding frames with a high reliability and that collisions between more than
two users are rare.
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Fig. 6.9 Throughput vs. offered traffic for different receiver models and
SFs with CR = 4/7, alongside the theoretical performance of pure ALOHA
(P-ALOHA), slotted ALOHA (S-ALOHA), and pure two-user ALOHA net-
works.

The results observed in Fig. 6.9 hold for all the other SFs greater than 8.
However, the throughput of SF 7 is a special case since the nodes using this
SF are located in a disc, and not an annulus. Despite the power reduction
scheme previously explained, these nodes benefit from a greater diversity
of received powers. This wider power range increases the probability to
benefit from the capture effect, therefore resolving some collisions without
requiring any special treatment from the receiver. In our topology, this
improved throughput concerns 16% of all nodes. The percentage of SF 7
nodes however increases when the cell size becomes smaller.

Overall Throughputs with all Spreading Factors
We now analyze the overall frame error rate performance of a LoRaWAN
network by also fully accounting for the inter-SF interference. Fig. 6.10
presents the global FER of a LoRaWAN network in which all nodes have
a fixed duty cycle of 0.1% for an increasing density of users. We however

| 135



6 | A Two-User Successive Interference Cancellation
Soft-Detector

10−2 10−1 100 10110−3

10−2

10−1

100

Node Density [node/km2]

Fr
am

e
Er

ro
r

R
at

e
100 101 102 103

CR: 4/4 4/5 4/7
Threshold-based
Soft Single-user
Soft SIC Two-user

# Nodes

Fig. 6.10 Frame error rate of a LoRaWAN network for different coding
rates, with an uplink duty cycle of 0.1%.

note that modifying the transmission duty cycle parameter only results in
a horizontal translation of the curves in Fig. 6.10. Furthermore, including
for all users variable payload lengths between 1 and 25 bytes, instead of
fixed payload lengths, leads to very similar results. The following analysis
hence holds for all duty cycles and payload lengths.

In the following, we always target a FER of 1%. We first compare the
two single-user models. We observe that the threshold-based model with
capture is severely pessimistic, as the single-user soft-detector is actually
capable of serving two times (2×) more users thanks to its ability to some-
times recover the strongest one of two colliding users, even without cod-
ing. Also, the impact of the coding rate is not visible at all in the threshold-
based model, as it solely uses the SINR of a frame to determine if it is
correctly received. Conversely, the single-user soft-detector benefits from
a decrease of the coding rate. However, at the network-level, the domi-
nating error events remain the losses of the weakest users frames, and the
benefits of the soft-decoding of the strongest user are hence marginal.
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We finally evaluate the benefits of our proposed two-user SIC soft-
detector at the network-level, compared to the single-user soft-detector.
For a coding rate of 4/5, we observe an increase of the node density for
the 1% target FER by a factor 3.3. This gain even increases to a factor 4.7
when switching to a coding rate 4/7. Contrary to the single-user detector,
the coding rate plays a more important role for the two user detector as the
dominating error events are not collisions among three users, which are
very rare, but rather the incapacity of recovering the weakest user, which
has a lower SINR. Specifically, in the simulated network, for a duty cycle
of 0.1%, a target FER of 1% and CR = 4/7, our two-user receiver enables
a LoRaWAN gateway to serve 310 nodes, whereas a realistic model of a
conventional single-user LoRaWAN gateway is only capable of serving 65
nodes.

6.4 Discussion and Summary

Collisions between frames using the same spreading factor are the most
important source of errors in dense LoRaWAN networks. In this chapter,
we address this scalability limitation by designing a successive interfer-
ence cancellation LoRa receiver capable of decoding two concurrent users
with the same spreading factor. Our proposed iterative two-user detec-
tor is the first to explicitly leverage the bit-interleaved coded modulation
scheme of the LoRa PHY layer with both a soft-demodulator and a soft-
decoder. In particular, the usage of a low code-rate (i.e., CR = 4/7) is
paramount to reach useful error rates in the low SNR regime that is char-
acteristic of LoRa communications. Using PHY layer Monte-Carlo simula-
tions, we then built accurate models of the frame error rates under same-SF
interference of both a single-user LoRa soft-receiver and of our two-user
soft-receiver. Network-level simulations in the network simulator ns-3 in-
dicate that our proposed two-user detector is capable of serving 4.7 times
more end nodes than a conventional single-user LoRa gateway, without
requiring any modifications to the protocol.

To conclude this chapter, we finally point out that we conducted only
a single network-level performance analysis for a simple network topol-
ogy. Some aspects of the ns-3 simulation should be improved for a more
accurate analysis. In particular, our two-user gateway model in ns-3 does
not take into account a potential performance loss due to the multi-user
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synchronization. Yet, we observed in the previous chapter that such syn-
chronization is difficult to achieve and that its outcome may degrade the
performance of the proposed detector. Also, many parameters of the Lo-
RaWAN MAC layer influence the network performance, e.g., the requests
for acknowledgment, the allocation of the transmit powers and spread-
ing factors, or the presence of several gateways. Further research is hence
needed to assess whether gateways with the proposed two-user detector
are also beneficial in more complex and realistic network scenarios.
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The overwhelming success of IoT applications has sustained an exponen-
tial deployment of connected objects. Yet, current IoT wireless technolo-
gies, the majority of whom have been designed about ten years ago, can-
not handle massive networks with tens of thousands of devices. As first-
generation IoT networks progressively reach their limits, much effort is
spent today innovating and designing more robust and scalable network-
ing protocols. Since the conventional architecture of LPWAN radios does
not allow switching or upgrading the communication protocol, the arrival
of next-generation LPWAN technologies will inevitably cause the replace-
ment of the already deployed end nodes. This likely disposal of billions of
functional electronic devices however amounts to a disgraceful misuse of
energy, materials and greenhouse gases emissions.

To overcome this dilemma between innovation and environment, we
studied in this thesis two complementary approaches to help preventing
the technological obsolescence of LPWAN radios. The first approach con-
sists in the design of an ULP MCU architecture in which the protocol-
specific digital baseband processing of the radio is implemented in soft-
ware and is hence reprogrammable. The second approach involves the
design of multi-user LoRa receivers that push back the current scalability
limits of LoRaWAN networks. We conclude this thesis by summarizing
the outcomes of this work for each approach separately, and by discussing
some connected open research problems.
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Towards ULP IoT Software-Defined Radios

Although SDRs can improve the interoperability of IoT end nodes, the
principal obstacle remains the high power consumption of such radios. We
have seen that the implementation of ULP SDRs for LPWAN protocols re-
quires both low-complexity digital baseband algorithms and a low-power
circuit architecture with an efficient hardware/software partitioning. With
the goal of implementing a LoRa SDR in mind, we designed in Chap-
ter 3 a low-complexity synchronization algorithm for Nyquist-rate LoRa
receivers. This algorithm estimates and corrects the carrier frequency and
sampling time offsets with a negligible computational overhead, and in-
duces only a small performance loss compared to an ideally synchronized
receiver. In Chapter 4, we designed an ULP MCU architecture that carries
out most of the digital baseband processing of LPWAN protocols in soft-
ware. The general-purpose processor of the MCU performs the protocol-
specific computations, while a reconfigurable hardware digital front-end
executes the generic signal processing.

Leveraging the low-complexity LoRa synchronization algorithm and
the ULP MCU architecture, we developed SDR implementations of the
LoRa and Sigfox protocols for our MCU prototype fabricated in 28 nm
CMOS FDSOI. To the best of our knowledge, this prototype is the first to
experimentally showcase a software execution of the PHY layers of two
LPWAN protocols with a sub-mW power consumption for the digital sig-
nal processing.

If this first prototype validates the concept of LPWAN SDRs running
on ULP MCUs, it also raises new research questions and opportunities.
We implemented both the Sigfox and LoRa standards, but we could only
demonstrate the LoRa SDR for the smallest signal bandwidth due to a lack
of computational power. Furthermore, we did not investigate the imple-
mentation of a NB-IoT transceiver, whose standard is much more complex.
Another candidate of interest would be the recent DECT-2020 NR mesh
standard, which operates at 1.9 GHz [111]. To fully implement all of these
protocols on a single ULP SDR platform, further research must study pos-
sible improvements of the proposed hardware/software architecture with
more advanced processors and more efficient designs of the digital front-
end. The design of RF front-ends that can efficiently adapt to several fre-
quency bands and bandwidths, while maintaining a small area and a low
power consumption, is also of great interest.
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Multi-User Receivers for LoRa Gateways

Even though LPWAN SDRs are a promising solution to improve the inter-
operability of IoT end nodes, this approach cannot apply to the devices that
have already been deployed. End nodes operating in interference-limited
LoRaWAN networks are particulary at risk of being replaced, and even
more so with the upcoming deployment of the new LR-FHSS PHY layer.

To prevent the technological obsolescence of LoRaWAN devices, we
investigated in the second part of this thesis the design of multi-user re-
ceivers for LoRa gateways. In Chapter 5, we derived from the maximum-
likelihood criterion a two-user LoRa detector that is capable of decoding
colliding frames from two interfering end nodes. We implemented this
two-user detector in an SDR testbed, along with a multi-user synchroniza-
tion algorithm robust to interference. However, since the performance of
this detector is inherently limited by the nature of the CSS modulation, we
then designed in Chapter 6 a SIC two-user LoRa soft-receiver that explic-
itly leverages the BICM scheme of LoRa. This second receiver implements
an iterative demodulation and decoding strategy with soft decisions to im-
prove the detection and the cancellation of the strongest user. Finally, we
evaluated the network-level performance improvements provided by the
proposed soft-receiver in a simple LoRaWAN network topology.

Thanks to the SDR implementation, we demonstrated that multi-user
receivers are a practical solution to improve the scalability of LoRaWAN
networks. In addition, network-level simulation results show that, for a
low code rate, a gateway embedding the proposed two-user SIC receiver
allows to serve 4.7 times more end nodes than a conventional gateway.

However, important questions still need to be addressed before deploy-
ing multi-user receivers in actual LoRaWAN networks. First, we evalu-
ated the proposed multi-user synchronization algorithm of Chapter 5 in a
limited number of scenarios. Since the LoRa PHY has not been designed
for multi-user detection, the synchronization to multiple users is a chal-
lenging problem and causes a non-negligible performance degradation in
our SDR testbed. Further research is needed to assess whether more ef-
ficient synchronization algorithms can reach satisfactorily performance in
all scenarios. Similarly, more detailed network simulations are required to
precisely evaluate the benefits of the proposed two-user detectors in real-
istic LoRaWAN networks. In particular, a thorough network-level study
should investigate the scalability of a network with multi-user LoRa re-
ceivers compared to a network relying on the new LR-FHSS PHY layer.
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