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Abstract—This paper presents Super-LoRa, a novel approach
to enhancing the throughput of LoRa networks by leveraging
the inherent robustness of LoRa modulation against interfer-
ence. By superimposing multiple payload symbols, Super-LoRa
significantly increases the data rate while maintaining lower
transmitter and receiver complexity. Our solution is evaluated
through both simulations and real-world experiments, showing
a potential throughput improvement of up to 5x compared
to standard LoRa. This advancement positions Super-LoRa as
a viable solution for data-intensive IoT applications such as
smart cities and precision agriculture, which demand higher data
transmission rates.

Index Terms—LoRa, Superposition, Software Defined Radio
(SDR).

I. INTRODUCTION

A. MOTIVATION

The adoption of Internet of Things (IoT) technology has
surged rapidly in recent years. According to [1l], approxi-
mately 41.76 billion IoT-connected devices were forecasted
globally in 2023. Low-Power Wide-Area Network (LPWAN)
technologies such as LoRa, Sigfox, and NB-IoT are recognized
as the primary solutions for IoT connectivity, particularly
for applications requiring long-range communication and low
power consumption [2]. LoRa, in particular, is favoured for
its ability to provide an extensive range with minimal power
use, making it ideal for use cases such as smart cities [3], [4]]
and smart agriculture [3], [6]. LoRa leverages Chirp Spread
Spectrum (CSS) over narrow-band channels, offering data
rates ranging from 0.146 kbps to 37.5 kbps depending on
radio configuration [7]]. Therefore, LoRa is primarily adopted
in low-data-rate applications due to these limitations.

The growing demand for higher data transmission over IoT
networks, including the need to transmit multimedia traffic
(e.g., text, images), presents new challenges. For instance,
smart agriculture applications may employ cameras to monitor
crops, generating large bursts of traffic that require higher
throughput [8]. Similarly, environmental sensors monitoring
critical phenomena (such as volcanic activity) demand rapid
delivery of high-volume data, necessitating higher throughput
communication over long distances.
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Despite LoRa’s advantages, including its long range and
low power consumption, its relatively low data rates make it
difficult to meet the needs of these emerging, data-intensive
IoT applications. The limited throughput of LoRa also forces
devices to remain active for longer durations, increasing en-
ergy consumption and reducing battery life [9]. Moreover, the
effective data rate in LoRa networks is further constrained by
the low duty-cycle regulations of the industrial, scientific, and
medical ISM) band (e.g., < 1% in LoRaWAN [10]). These
limitations present significant challenges in supporting high-
volume IoT traffic, such as the transmission of compressed
images, audio, or large text files [[L1], [12], [13] over LoRa
networks.

On the same front, LoRa supports Adaptive Data Rate
(ADR), a feature in LoRaWAN networks that dynamically
adjusts the data rate based on channel conditions [10]. The
data rate in LoRa is mainly determined by two factors: the
spreading factor (SF) and the modulation bandwidth (BW).
Larger BW and smaller SF allow for higher data rates but
reduce receiver sensitivity. Conversely, smaller BW and larger
SF increase receiver sensitivity but lower the data rate, stretch-
ing transmission time. ADR aims to optimize this trade-
off by adapting to the channel’s signal-to-noise ratio (SNR),
with higher SNR allowing for faster data rates. However,
in practice, the throughput gains achieved by ADR remain
limited, particularly for IoT data-intensive applications [14]].

B. CONTRIBUTION

The main contribution of this article is a novel LoRa trans-
mission technique, called Super-LoRa, which enables the
superposition of multiple payload symbols to improve LoRa
throughput. Our experiments indicate that Super-LoRa can
enhance throughput by up to 5x compared to standard LoRa.
This design leverages the robustness of LoRa modulation
against interference, allowing a single LoRa node to transmit
multiple superimposed symbols concurrently. As a result,
collisions can be effectively decoded by standard receivers
with minimal added complexity.

Our design draws inspiration from recent advances in LoRa
collision resolution techniques, such as Choir [15l], mLoRa
[16l], CIC [17]], CoLoRa [18]], NScale [19], and Ftrack [20].
These works primarily focus on exploiting LoRa’s modulation
properties (such as time and frequency features) to enable
LoRa gateways to resolve collisions and concurrently decode
packets from multiple nodes, thereby improving the gateway
throughput and the overall network capacity. However, these
approaches often require greater receiver complexity, increased
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power consumption, and higher link budgets [21], let alone that
the data rates per link are still limited.

Our approach significantly increases throughput between
communicating nodes while retaining LoRa’s lower transmitter
and receiver complexity. We demonstrate that this is achievable
by superimposing multiple payload symbols while retaining
the same packet overhead (preamble, header, CRC, etc.) as a
standard LoRa packet. Additionally, despite the received super-
imposed symbols at the receiver, standard LoRa demodulation
can decode them with high reliability, requiring minimal, if
any, additional complexity at the receiver. The contributions
of this work can be summarized as follows:

e We introduce Super-LoRa, a novel transmission method
that leverages the inherent robustness of LoRa modulation
against interference by enabling the superposition of
multiple payload symbols, significantly improving LoRa
throughput.

« We examine the design considerations of Super-LoRa and
provide simulation results to validate its performance.

« We implemented Super-LoRa on Software Defined Ra-
dios (SDR) and evaluated its performance in both indoor
and outdoor setups, demonstrating up to a 5x throughput
improvement compared to standard LoRa.

II. PRIMER ON LORA COMMUNICATION

LoRa is recognized as the most widely used LPWAN com-
munication technique. According to market analysis, LoRa
accounts for approximately 41% of global LPWAN connec-
tions, which highlights its leading position in the LPWAN
landscape [22]]. LoRa is also considered as a prominent choice
for IoT applications due to its wide coverage and low power
consumption, making it suitable for various deployments in
smart cities and environmental monitoring systems [23[]. In
this section, we provide an overview of the LoRa physical
layer, including the transmitted and received signals.

A. LORA TRANSMITTER

LoRa modulation employs a unique technique known as CSS,
which is a form of spread spectrum technology. This method
involves the transmission of data using chirp signals, which
are frequency-modulated waveforms that increase or decrease
in frequency over time. CSS spreads the signal across a wider
bandwidth, which enhances the robustness of the communi-
cation against noise and interference [24]. In CSS, symbols
are modulated as up-chirps signals whose frequency increases
linearly over a symbol duration T and predefined bandwidth
BW . Every symbol in LoRa is derived by cyclically shifting
a base up-chirp C(¢) around BW to modulate different data
symbols. A mathematical representation of LoRa signal can
be represented as follows:

. 2 .
S(ta fsym) - Gﬂw(%t_y)t . 6j27rfsy’"t

S(t, fsym) = C(t) - P2 fswmt 0 <t < T, (1)

where SF' corresponds to the Spreading Factor of LoRa

. . . SF .
modulation, and the symbol time is 7y = %—W. fsym In

(1) is uniformly distributed over the signal BW such as
fsym = aZdr where a € {0,1,...,25F — 1}, and SF €
{7,8,9,10,11, 12} is fixed during the packet transmission and
controls, together with BV, the transmission data rate. Figure
[I] shows an example of LoRa symbols with different starting
frequencies. Each symbol in LoRa can encode 2°% bits so the
symbol and bit rates for LoRa, Rs; and Ry, respectively, can
be expressed as:

1 BW
RS = ? = 257}7 SymbOlS/S (2)
BW
Rb =SF. RS = SF2S7F bits/s (3)

—-BW
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/

Fig. 1: LoRa symbols for SF' = 8 with different modulated
symbols; a = 0 (plot in blue) and a = 128 (plot in red).

B. LORA RECEIVER

A LoRa receiver can demodulate an incoming chirp as fol-
lows. A LoRa receiver first multiplies the received signal
by conjugate of the base upchirp denoted by C*(t) over a
window aligned with the symbol boundaries. This step de-
chirps the signal and transforms it into a single tone. Then,
it performs a Fast Fourier Transform (FFT) on the multiplied
signal and searches for the largest power peak in FFT bins
to demodulate a symbol. Mathematically, the demodulation of
LoRa is expressed as:

O (t) ° S(t, fsym) = ejzﬂfS’ymt (4)

Essentially, the FFT of the noiseless demodulated signal in
(@) produces one peak in the FFT bins that corresponds to the
transmitted symbol fqyp,.

Since de-chirping requires the down-chirp to align with the
received signal, LoRa utilizes a preamble to determine the
boundaries of the received symbols. LoRa preamble comprises
of a sequence of N € {6,...,65535} base up-chirps C(t),
followed by two SYNC up-chirp symbols, and then 2.25
down-chirps C*(t). LoRa receiver continuously de-chirps and
performs FFT on the received signal until it detects the /N con-
secutive base up-chirps. Then, the SYNC words, together with
the down-chirps, help locate the packet’s boundary position.
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ITII. SUPER-LORA DESIGN

A. OVERVIEW

The idea behind Super-LoRa builds on the observation that
LoRa chirps exhibit a high level of immunity to interfer-
ence from other LoRa chirps. This is also supported by
the theoretical basis of LoRa modulation, where it has been
demonstrated that standard LoRa demodulators can decode
symbols even in the presence of interferers with the same
SF [25]. The key question that Super-LoRa is motivated by:
what if the interference is intentionally introduced by the
transmitter to enable concurrent payload symbol transmission?
If receivers can decode packets with overlapping symbols,
we could intentionally superimpose payload data to increase
throughput, which is crucial for IoT applications requiring
higher data rates.

We propose a technique called Super-LoRa, which leverages
LoRa chirps’ inherent interference resilience to superimpose
K payload symbols. Super-LoRa aims to balance increased
data rates with maintaining low complexity at both the trans-
mitter and receiver. As illustrated in Fig. [2} Super-LoRa design
utilizes a standard LoRa encoder and decoder while modifying
the design of the modulator and demodulator to implement
the superposition modulation and demodulation, respectively.
Based on channel conditions (e.g., SNR), the modulator de-
cides how many symbols to embed within the chirp duration,
superimposing part of the symbols before transmission.

Transmitter — LoRa Node
Payload Bits to LoRa' ;
bits Encoder [— Symbols | Superposition
Y Modulation T
Passband
Receiver — LoRa Gateway
Decoded Symbols et
bits | Decoder —o( "2 he o [~ Superposition
Demodulation T
Baseband

Fig. 2: llustration of Super-LoRa design. Super-LoRa reuses
standard LoRa encoder and decoder, and modify the modulator
and demodulator to superimpose multiple payload symbols
together and decode them, respectively.

Before transmission, Super-LoRa appends the standard
LoRa packet header (e.g., preamble, Start Frame Delimiter
(SFD)), ensuring compatibility with existing receivers. At the
receiver side, Super-LoRa uses the standard LoRa technique to
detect the packet’s start and demodulates the signal using FFT
peak detection without additional interference mitigation steps.
To allow the receiver to decode the superimposed payload
symbols, Super-LoRa introduces a superposition time delay,
denoted as 7, which controls the level of payload symbol
superposition and acts as a signature for the receiver to
decode the superimposed symbols. For example, in Fig.|3| four
payload symbols are transmitted by shifting the chirps closer
in time by a factor 7. In this case, the total transmission time

was reduced from 47, to 27T + 7, showing the potential of
improving the throughput over the packet transmission time.

In summary, Super-LoRa pushes the limits of LoRa’s
throughput by increasing data rates up to K times without
introducing additional packet overhead or channel access de-
lays. Importantly, Super-LoRa remains backwards-compatible
with legacy LoRa devices, ensuring seamless communication
across networks.
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Fig. 3: Ilustration of LoRa superimposed payload symbols
with superposition order K = 2 and 7 = % In blue, four
consecutive symbols transmitted over 47 transmission time.
In red, Super-LoRa transmits the same four symbols over
2T + 7 transmission period (% overlap between consecutive
symbols), showing great potential of throughput improvement.

B. SUPER-LORA MODULATION

Super-LoRa superimposes K payload symbols to transmit
them concurrently over the channel. However, when payload
symbols are directly superimposed, a standard LoRa receiver
cannot distinguish between them. To address this, our design
introduces a time-delay signature that allows the receiver to
decode the superimposed symbols. This is based on the obser-
vation that standard LoRa decoders are highly resilient to non-
aligned interference (i,e, symbols with different start times).
Super-LoRa leverages this by adding a time-delay between
superimposed payload symbols, effectively using the delay
as a signature for decoding. Mathematically, the Super-LoRa
modulated signal for K payload symbols can be represented
as follows:

K-1 .
t—1-
2(t) = Y VP St =T iy faym(@) - W) ()
i=0 s
1, ifo<t<i,
W) = {O, otherwise. ©
0<K-7<Ts, (7

where S(t — 7 - 4, fsym(i)) and P; represent the symbol
and power of the i*" payload symbols, respectively. Here,
7 denotes the time delay between each modulated payload
symbols. Importantly, 7 is a function of the superposition order
K, which must be agreed upon by both the transmitter and
receiver prior to transmission. For simplicity, we assume 7
to be constant for all transmitted payloads, although it can
be tuned based on the required modulation complexity. As to
be discussed in Sections [[II-D1] and [[I-D2] both 7 and P;
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are selected to optimize the reliability of the modulated LoRa
payload symbols.

The condition in Equation (7)) ensures that all superimposed
chirps begin within the chirp duration 7§, maximizing the
potential for superposition. Notably, when K = 1, Equation
() reverts to the standard LoRa chirp, transmitting only one
payload symbol within 75. For K > 1, each window of
chirp duration contains one aligned payload and 2 - (K — 1)
non-aligned interfering payloads located at multiples of 7.
Additionally, it’s important to note that the superimposed
symbol in Equation (§) extends beyond the chirp time 7 by
K -7, effectively creating interference for the subsequent chirp
symbols. The details of the implementation of the modulator
are discussed in Section Figure [ shows a comparison
between a payload of standard LoRa and Super-LoRa with
K =2 (r = ). It is shown in Fig. [ that Super-LoRa
superimpose several payload symbols without introducing an
extra overhead on the packet structure (i,e, keep the same
header as the one for standard LoRa). This ensures back-
ward compatibility of Super-Lora with standard LoRa, and
maintaining the detection and synchronization capabilities of
standard LoRa through the packet header.

Passband
LoRa l
010010 ~~-51,sz.53.s4.55. Superposition [
— / Modulation \
Standard
Lseh [ se» [ s¢» [ s¢b [ s¢d PP
Super-LoRa
K=2
4T 5T /
Super-LoRa Payload

Fig. 4: Tllustration of Super-LoRa payload superposition com-
pared to standard LoRa. Super-LoRa superimposes several
payload symbols without introducing an extra overhead on the
packet structure (utilize the same header as standard LoRa).

In this example, Super-LoRa utilizes K = 2 with 7 = %

C. SUPER-LORA DEMODULATION

Following the payload symbols superposition presented in
Equation (9)), the received signal during each chirp duration
T, will contain interference contributions from K — 1 payload
symbols to be transmitted next, as well as K — 1 superim-
posed payload symbols previously transmitted. Unlike typical
collision resolution algorithms, the number and relative time
shifts of these superimposed payload symbols are predefined
and agreed upon by both the transmitter and receiver, which
are determined by K and 7.

We assume that the receiver has accurately determined the
symbol boundaries of the first payload chirp using standard
preamble detection techniques (all subsequent symbol chirps

will follow sequentially, with a time delay 7). Additionally, it
is assumed that Carrier Frequency Offset (CFO) and Sample
Timing Offset (STO) have been compensated for, following
methods presented in the literature [26l], [L7], [27]. Without
loss of generality, the received signal r(t) of the I** payload
symbol is given by:

T(t) =S (t, fsym(l)) + Inea:t(t) + Iprev(t) + n(t) (®)
K-1 i

o) = 3 7™ (00T, - o) W ()
©)
P t—7-1

Tneat(t) = ; O‘?emt -5 (t -7 va@e»ff(z)) W <TS—TZ)
(10)
where ay, o™ and a** are the amplitude of the received

signal from for the [*", prev, and next payload symbols,

respectively. The term n(t) represents the AWGN noise, where
Ipres(t) and Ic.¢(t) represent the interference contribution
from the prev, and next payload symbols, respectively. The
window function W (t) captures the overlap region between
the target symbol and the prev, and next symbols, with
widths proportional to 7. Notably, the first K — 1 payload
symbols experience less prior interference, but for generality,
we consider the case depicted in Equation (9). The received
signal in Equ. is then passed through standard LoRa
demodulation (de-chirping then FFT). The result produces
2 (K — 1) peaks, corresponding to the overlapping superim-
posed symbols, along with one peak for the target I*" symbol.
The equivalent Fourier transform of the received signal after
de-chirping is given by:

R(f) = aq - sinc[Ts (f — foym ()] +

Inewt(f) + Iprev(f) + N(f) (11)
K-1 prev
Lreo(f) = 3 T wsime [(70) (F = J2550 () = AF)]
= (12)
K-1 anezt
Ine;ct(.f) = Z ﬁ'
i=1 %
sine [(Ts — 7 -1) (f = fagm (1) — Afi)]
(13)
Afi=(r-i)- (f:g) (14)

Note from Equs. m}and that the peaks of the super-
imposed symbols aT Z and ; i:l depend on the received
amplitudes (power) and the time overlap with the target
symbol. In fact, the peak height is inversely proportional to
the time overlap with the target symbol. To illustrate the idea
more, we depict in Fig. [5] the received signal as described in
Equ. (TI). It is clear that the peaks of the interfered symbols
are proportional to the time overlap with the target symbol.
Furthermore, in Fig. [6] we depict an example of a demod-
ulated superimposed signal with K = 2 payload symbols
passing through AWGN channel with SNR = 0 dB (SNR
is calculated as the ratio of the power of the superimposed
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Fig. 5: Once the receiver aligns the decoding window with
the first payload symbol, all subsequent chirps will follow
sequentially, with sliding the decoding window at a multiple
of time delay 7. The [*" payload symbol exhibits interference
from K — 1 payloads to be decoded next, as well as K — 1
decoded earlier. In this example, the superposition order is
K = 4, with 2 x (4 — 1) = 6 interfered peaks seen on the
spectrum. The peaks of the interfered symbols are proportional
to the time overlap with the target symbol.

signal to the noise power). The superposition time delay 7
was set to 7 = %, with all payload symbols transmitted at
equal power. It is evident that the target symbol has the highest
peak, while the superimposed symbols exhibit lower peaks
due to the overlap reduction. Although superimposed chirps
can negatively affect the target chirp, the superposition time
delay ensures that their peaks are scaled by the overlap time,
resulting in lower peaks compared to the aligned target sym-
bol. This demonstrates the potential of Super-LoRa to carry
multiple payload symbols concurrently, thereby significantly
increasing data rates.
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Abs. FFT
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Fig. 6: De-chirped superimposed LoRa signal with K = 2.
The target signal has a peak at bin index 40 (circled with
green), and SN R is 0 dB. The transmitted signal has SF =
7, BW = 125 KHz. The superpositon time delay 7 was set
to T = % (this corresponds to 64 samples for SF' = 7). The
previous superimposed signal has a peak at bin 122 while the
next superimposed signal peak at bin 100 (both circled with

red).

The receiver aligns the decoding window with the first
payload symbol, which is detected through the preamble as
performed in standard LoRa. Next, instead of sliding the
decoding window for each payload symbol every chirp time
T, the receiver in Super-LoRa decodes every 7 seconds.

This maintains the same processing capabilities while offering
higher resource utilization. An illustration of how the decoding
window moves between payload symbols in Super-LoRa with
K = 2 compared to standard LoRa is shown in Fig.

Decoding window Standard
PRErrEErrres LoRa
L osen | se» | s¢» [ sgh [ s¢® |
T,
Decoding window Super-LoRa
K=2
S coefamae
Loso» |
o Lsey |
— . 1 sey ]

Fig. 7: Nllustration of Super-LoRa decoding window compared
to standard LoRa. The receiver aligns the decoding window
with the first payload symbol, which is detected through the
preamble as performed in standard LoRa. Instead of decoding
each payload symbol every chirp time T, the receiver in
Super-LoRa decodes every 7 seconds. This maintains the
same processing capabilities while offering higher resource
utilization.

D. DESIGN CONSIDERATIONS AND LIMITATIONS

While the previous section provided a concise overview of
the changes introduced by Super-LoRa to the modulator
and demodulator compared to standard LoRa, several key
aspects of our design remain to be elaborated. First, given
a limited transmission power budget, what is the optimal
power allocation among the superimposed payload symbols
to maximize transmission reliability? Next, how should these
payload symbols be superimposed, i.e., how to choose the
superposition time delay 7 (or K)? Then, what are the
performance Trade-offs presented in our design? Next, how
Super-LoRa selects the superposition order K? Then, how
should Super-LoRa’s modulator be implemented to handle
symbol superposition? Finally, how should the demodulator
be realized in this proposed framework? In this section, we
address these key questions.

1) Power Allocation: In Super-LoRa, the superimposed
payload symbols share the same total transmitted power,
denoted as Pr (see Equ. (3)). A key question we address
in this part is how to allocate the power among these sym-
bols to maximize communication reliability. According to our
framework, the power budget is distributed among K symbols,
satisfying the constraint:

Pi+ Pyt t Pg=Pr. (15)

The power allocated to each symbol directly affects commu-
nication reliability, influencing how well peaks can be distin-
guished from one symbol to another. As seen in Egs. (LI),
(12), and (13), the amplitude of each superimposed symbol
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determines whether it will be correctly decoded. In each de-
coding window, Super-LoRa symbols experience interference
from other superimposed symbols, impacting the signal-to-
interference ratio (SIR). Since the Symbol Error Rate (SER)
is directly influenced by the SIR of each received symbol
[25]], Super-LoRa allocates power to maximize the minimum
SIR across all superimposed payload symbols. Based on our
design, the SIR for the /"™ symbol decoding window (see Fig.
[B) is defined as:

P,

i=1 P
2

(16)

Equation [I6 indicates that allocating more power to one
symbol at the expense of others decreases the average SIR,
making uniform allocation the optimal choice. Therefore,
given a total transmission power Pr, Super-LoRa uses uniform
power distribution across all symbols, i,e, P, = P, = -+ =
Pr = %—T, to ensure the best SER performance. Appendix @
formally proves that uniform power allocation maximizes the
minimum SIR across all superimposed payload symbols. It is
worth noting that the impact of the SIR on the communication
reliability is to be thoroughly investigated in Section
which has a similar analysis as the ones in [28].

2) Superposition Time Delay: A key aspect of Super-LoRa
is selecting the superposition time delay 7, which determines
the number of symbols superimposed within a single symbol
duration 7. Like other LoRa parameters (SF, BW, etc.),
both the transmitter and receiver must agree on 7 before
transmission. In our framework, we define 7 as a fraction of
the symbol time T, 7 = %, where K, called superposition
order, is a number greater than or equal to 1 (K > 1) and
determines the level of superposition selected in the design.
Note that the selection of one of the parameters (K or 7)
directly leads to the other, so we focus here on the selection of
the superposition order, . When K = 1, there is no payload
superposition and the transmission reverts to standard LoRa.
7 formally indicates the duration where consecutive payload
symbols would be superimposed (or overlapped). This overlap
would create an interference with the adjacent symbols, which
could potentially affect the communication reliability. Notably,
increasing K (or equivalently reducing 7) increases symbol
superposition, enhancing throughput but that comes at the
expense of reduced communication reliability. On the other
hand, lower values of K reduce the level of superposition,
resulting in lower throughput gains but improved reliability.
This is clear from looking at the received Super-LoRa symbol
frequency components shown in Equs. (II), (I2), and (13).
To simplify the design and parameter negotiation between
the transmitter and receiver, we limit the selection of the
superposition order K to integers. This discrete formulation
ensures that once the transmitter and receiver agree on the
value of K, the superposition time delay 7 is automatically
determined. We can see that 7, along with the allocated power,
affects the FFT peak of each superimposed payload symbol.
This will have a direct impact on the SER of the system and
hence the receiver reliability. Therefore, K plays a key role in
the trade-off between improved throughput and compromised

reliability. The details of this trade-off is presented in Section
[I-D3l

3) Performance Trade-offs: Super-LoRa leverages the in-
herent robustness of LoRa chirps against non-aligned interfer-
ence to enhance throughput through controlled symbol super-
position. This is achieved by overlapping consecutive symbols
(see Fig. [ and Fig. [3)), which reduces packet transmission time
while maintaining compatibility with standard LoRa receivers.
At the receiver, decoding is performed by shifting the decoding
window in steps of 7, rather than the full symbol duration 7’
(see Fig.[7). This approach requires minimal modifications to
the LoRa receiver, preserving its low complexity and power
efficiency.

A key trade-off in Super-LoRa arises between throughput
gains and communication reliability, governed by the param-
eter K. This trade-off is analyzed in detail in the following.
First, the bit rate gains in Super-LoRa can be quantified based
on the superposition order K. Let R; denote the bit rate of
standard LoRa (equivalent to Super-LoRa with K = 1). For a
packet containing M payload symbols, the bit rate of Super-
LoRa, denoted as R, ™, can be given by:

M

Rouper ;T ——
b Mlgl 41

a7
where for large payload packets and moderate superposition
order K, the bit rate can be approximated as:

R,™ ~ Ry K, (18)
The approximation in Equ. [I§] holds for larger payloads and
relatively smaller values of K. This demonstrates that the
bit rate improvement in Super-LoRa scales linearly with K,
offering significant throughput gains compared to standard
LoRa.

However, the superposition of symbols introduces additional
interference, which impacts communication reliability. As il-
lustrated in Fig.[5] each decoding window contains interference
from K — 1 previous and K — 1 next payload symbols. This
results in an effective interference equivalent to K — 1 fully
overlapped symbols, though, not time-aligned with the target
symbol. Since Super-LoRa employs standard LoRa demodu-
lation without advanced interference cancellation techniques,
this interference directly affects SIR and the SER performance
at each decoding window [25]]. The impact of such interference
on LoRa’s demodulation performance has been extensively
studied in prior works [28], [29], [30]. In our framework,
since we adopt uniform power allocation among superimposed
symbols, the SIR for each decoding window is given by:

1

SIR = ——

T (19)

The SIR, when expressed in decibels, exhibits a logarithmic
decay with respect to K. For example, when K = 2, the SIR
is 0 dB, but for K = 3, it drops to approximately —3.01 dB,
and for K = 4, it decreases further to —4.77 dB. This trend
continues as K increases, with the SIR reduction becoming
less steep for larger values of K. We plot the SIR values
based on Equ. [I9] on Fig. [§] Importantly, this reduction in SIR
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as K grows has a direct impact on the SER performance as
highlighted next.

To quantify the impact of interference on communication
reliability, we follow a similar analysis as the one on [28§]
and conduct a comprehensive simulation study of Super-
LoRa over a Rayleigh fading channel. While our approach
intentionally introduces controlled interference for throughput
gains, the SER degradation follows similar patterns observed
in prior studies that consider LoRa networks exhibiting same-
SF interference [25]], [29], [30]. Fig. 8| presents the minimum
required SNR to achieve a target SER performance of 1071
for various values of K and SF. This SER threshold is chosen
based on practical considerations, as LoRa employs Forward
Error Correction (FEC) and upper-layer coding schemes (e.g.,
Hamming codes) that can effectively correct errors below this
level [14]. Our results indicate that each additional superposi-
tion order K increases the required SNR by approximately 4-5
dB due to the additional interference. This aligns with prior
findings [25]], which report similar SNR penalties for LoRa
under interference conditions. Although the required SNR is
smaller for higher SFs, the pattern remains consistent.

The increased SNR requirement imposes a limitation on the
maximum communication range of Super-LoRa. To address
this, our design dynamically adjusts the superposition order
K based on channel conditions, ensuring an optimal balance
between throughput and reliability. This adaptive mechanism
is further investigated in Section

159 _as SR (dB)

__ 101
[as]
=
o
=2
[7p]
£ 3]
= ~101

_15<

Fig. 8: Minimum required SNR to achieve SER = 10! for
each superposition order K. Note that there is a penalty of
around 4-5 dB for each additional K symbols superimposed.
In black, we plot at the same figure the resulting SIR (defined
as SIR = ﬁ) for each superposition order K.

4) Superposition Order Selection: Super-LoRa dynami-
cally selects the superposition order K based on channel
conditions to maximize throughput while maintaining reliable
communication. The bit rate improvement in Super-LoRa
scales linearly with K, ie., R, ~ R, - K, where R,
is the bit rate of standard LoRa. In Fig. [8] we analyze the
minimum required SNR to achieve a target SER as a function
of K. Super-LoRa uses this knowledge to adaptively adjust
K. For instance, in the case of LoRa with SF7, standard
LoRa (K = 1) requires an SNR of approximately —4 dB
to achieve the target SER. However, if the SNR improves to

around 0 dB, Super-LoRa can reliably operate with K = 2,
effectively doubling the bit rate. Generally, as observed in Fig.
although higher SFs require lower SNRs to support larger
values of K, each additional superposition order introduces
an approximate 5 dB SNR penalty. Super-LoRa exploits real-
time link conditions to transmit at the highest possible bit rate
by selecting the largest K (denoted as K,.x) that satisfies
the target SER performance. If the channel degrades, Super-
LoRa reduces K accordingly, defaulting to K = 1 (equivalent
to standard LoRa) under poor conditions. The adaptation
mechanism operates as follows: Let SNR5 represent the
minimum SNR required for standard LoRa (/K = 1) to achieve
target SER at a given SF. For measured SNR values exceeding
this baseline, based on our coarse estimations, the maximum
viable superposition order K, ,x is determined by:

SNR— SNRgFJ
f + 1.

Equation (20) ensures that Super-LoRa dynamically adjusts
K based on the available SNR, maximizing data rates
while maintaining robust communication. It is worth noting
that practical implementation requires coordination between
transceivers to synchronize K selection. While this could be
achieved through mechanisms analogous to LoRaWAN’s ADR
feature [[10]], protocol design constitutes a distinct research
challenge beyond the scope of this paper. Our current focus
establishes the fundamental performance boundaries and adap-
tation criteria, providing a foundation for subsequent system-
level implementations.

5) Super-LoRa Modulator: As illustrated in Fig. 4] Super-
LoRa introduces payload superposition into the modulator
block while retaining the same encoder used in standard LoRa.
First, Super-LoRa sequentially accepts symbols for modulation
and then applies standard LoRa modulation to convert these
symbols into I-Q samples of length N, where N, represents
the number of samples corresponding to one chirp. However,
instead of transmitting each set of Ny samples immediately,
Super-LoRa buffers the modulated I-Q samples based on the
superposition order K. Once K symbols have been modulated,
superimposed, and buffered, the modulator sends the combined
N samples to the analog section for radio transmission.
Afterwards, more modulated samples are added to the end
of the buffer while older samples are removed. The required
buffer size depends on both the superposition order K and the
superposition delay 7. Assuming 7 = %, which corresponds
to [ 27 samples, the buffer size should be 2x N, —[Z=]. After
transmitting every N, samples, the modulator discards the
oldest [%] samples and adds new modulated samples to the
tail of the buffer. This process continues for each subsequent
symbol until all payloads have been transmitted. Importantly,
the radio frequency (RF) chain of the transmitter remains
unchanged, with no additional signal processing complexity
introduced. This highlights the simplicity of the design, as
no further modifications to standard LoRa modulators are
required.

6) Super-LoRa Demodulator: Similar to the Super-LoRa
modulator, the demodulator uses buffering to process the
received samples. Upon reception, the payload samples are

Ko { (20)
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buffered at the DSP stage. Each set of N, samples is then
sent to a standard LoRa demodulator (de-chirping, followed by
FFT). After decoding a symbol, the oldest [1}/( | samples are
discarded, while new samples are added to the buffer. Unlike
standard LoRa, where all N, samples are discarded after
decoding, Super-LoRa only removes part of them, keeping the
rest for overlap. The buffer size required is 2 x Ny — [%]
samples.

IV. EVALUATION

In this part, we evaluate the efficacy of Super-LoRa with
various LoRa parameters. We first validate our framework
using simulation over Rayleigh fading channel, which is more
representative of real-world wireless environments compared
to AWGN channel, before experimenting with real-world
deployments. In our study, we aimed to capture a wide range
of SNR conditions, spanning from -15 dB to 20 dB, to
reflect the practical and diverse channel conditions in which
LoRa networks typically operate. LoRa is designed for power-
constrained IoT devices with limited transmission power,
and its long-range communication results in received SNR
values that fall within the investigated range. Furthermore, our
experimental validation, which included various channel envi-
ronments (e.g., indoor and outdoor setups, line-of-sight (LoS)
and non-line-of-sight (NLoS) conditions), yielded similar SNR
values, supporting the relevance of our chosen range.

A. SIMULATION

In this part, we validate the proposed framework via simula-
tion. We show the superiority of the proposed framework in
terms of effective bitrate and highlight its main limitations.
We simulated Super-LoRa received signal presented in Equ.
(8) over Rayleigh fading channel with various superposition
order K, SNR, and SF. It is worth noting that we experimented
Super-LoRa with a typical AWGN channel; however, while
considering Rayleigh fading introduces higher SER values
compared to AWGN, the throughput improvement achieved by
Super-LoRa compared to standard LoRa remains consistent.
This confirms the robustness of our framework in diverse
channel environments.

We assumed a perfect detection window for the target
symbol. We record the SER, and the effective bitrate (Reffective)
which was calculated as follows:

Reffective = Rgross X (1 - SER) bits/s (21)
BW )
Rgross ~K-.SF- 257F bits/s (22)

Effective bitrate illustrates how an increase in SER directly
impacts the system’s bitrate upper bound, emphasizing its
importance in system design and performance evaluation. The
results were averaged over 10,000 independent realizations.
All simulations consider LoRa transceivers to operate with
BW = 250 KHz.

We start by examining the SER as a function of SNR for
various superposition orders K. The results are presented in
Fig. 0] The results reveal several insights, which we detail in

the following. For SF7 (Fig. P(a)), the framework achieves
reliable performance (SER < 107') for K = 2 while
maintaining an SNR around O dB. This proves that we could
expect the bitrate to be doubled even if the system is running
at SNR lower than 0 dB. For higher SNRs, the system can
sustain higher superposition orders (up to K = 4) while
maintaining SER < 10~!. Further SNR would not improve
the performance drastically as the signal would be impacted
by the interfering symbols more than the noise. This reveals
that there is room to push the envelope of LoRa bitrate even
at lower SNRs. Indeed, higher SF (similar to Figs. [9(b)}
and[9(d)) can support higher superposition orders even at lower
SNRs (lower than 0 SNR for SF8, and lower than —5 SNR
for SF10 and SF12). This stems from the inherent resilience
of higher SF against noise and interference, hence, it allows
more symbols to be transmitted concurrently. For example,
with SF10, three payload symbols can be superimposed and
transmitted concurrently at SN R < —5 dB while maintaining
SER <1071,
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Fig. 9: SER for Super-LoRa over Rayleigh fading channel with
various Superposisiton orders and (a) SF = 7, (b) SF =8,
(¢) SF =10, and (d) SF = 12.

Similar observations can be deduced from Fig. [T0] where
we plot SER vs SNR for various SFs. In Fig. [I0(a)l we can
see that for superposition order K = 2, we could reach a
reliable communication (SER < 10~!) at SNR around 0 dB
for all SF configurations. Similarly for K = 3 shown in Fig.
SER < 107! is reachable for SF10, SF11, and SF12
at SINR < —5 while it is reachable for SF8 at SNR around 1
dB. A similar pattern can be observed for higher superposition
orders, K = 6 and K = 8 shown in Fig. and Fig.
respectively, where higher superposition orders can be adopted
at lower SNR (SNR < —5 dB) while still maintaining a
reliable communication (SER < 1071).
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Fig. 10: SER for Super-LoRa over Rayleigh fading channel
with various SF and (a) K = 2, (b) K = 3, (¢c) K = 6, and
d) K =8.

Finally, we present in Fig. [TT]the effective bitrate calculated
with Equ. (ZT)) as a function of SNR for different SF configu-
rations. Starting with SF7 Fig.[T1(a)] it is shown that with SNR
around —5 dB, the system would have bitrate around 20 Kbps
with ' = 2 compared to 10 Kbps for standard LoRa (with
K =1). It clearly shows the superior improvement of bitrate
at lower SNR. The bitrate can be pushed further at higher
SNR (SNR = 0 dB) to reach around 30 Kbps for K = 3.
This shows the great potential of Super-LoRa to improve the
system’s bitrate. Further bitrate improvement can be seen at
higher SNR to reach around 40 Kbps with i = 4 at SNR> 5
dB. Similar improvement can be seen with SF8, SF10, and

SF12 in Figs. [T1(b)} [TI(c)} and [TTI(d)} where the bitrate is
improved even at lower SNRs (SNR < —10 dB).

B. EXPERIMENTAL SETUP

Super-LoRa was implemented on Software Defined Radios
(SDR) using the USRP N210 and the low-cost ADALM-
PLUTO SDR [32]. The modulator and demodulator were
integrated as new blocks into the popular SDR software,
GNU Radio [33]]. Since the transmitter and receiver need to
remain LoRa-compliant, we used gr-lora_sdr [34], an open-
source GNU Radio LoRa implementation. We modified the
modulator block to accept a new parameter, superposition
order K, and perform the superposition as described in Equ.
(3). Additionally, we adjusted the Frame sync block in the de-
modulator to accept the same superposition order K, allowing
frame demodulation every 7 seconds instead of 7§. Notably,
the encoder and decoder components remained unchanged,
requiring only additional buffering at both the modulator and

40

501 — K=1 — k=1
G — K=2 G 35] — k=2
S a0l — k=3 §30] — k=3
S 40 = 830 =
= — k=4 o5 T K=t
© 30 k=5 © k=5
= — K=6 2204 — K=6

Q Q
K=7 K=7

[ (]
'E 209 K=8 E 151 K=8
] K=9 f © 10 K=9

Q Q
£10] — k=1 g 5| — K=1

920 -15-10 -5 0 5
SNR (dB)

(@ (b)

920 -15-10 -5 0 5
SNR (dB)

10 15 10 15

— k=1
— k=1
.16 — @5 K=2
a — K=2 aQ
S Kes S | — k=3
12 — K=4 24— E=:
=1 — K=5 ® | T K=
S0 e 53] — k=6 /’—_
b= = 2 = ]
58 K=7 /_—— o K=7
2 6] — K=8 2 2] — K=8
5 A o K=9
g4 —E—?o"’ﬂf é1,— k=10 "
0

920 -15-10 -5 0 5
SNR (dB)

(c) (d

20-15-10 -5 0 5
SNR (dB)

10 15 10 15

Fig. 11: Effective bitrate calculated based on Equ. (21)) for
Super-LoRa for various superposition orders and (a) SF =7,
(b) SF =28, (c) SF =10, and (d) SF = 12.

demodulator, without extra processing overhead as described
in sections and

Over the course of a month, we collected transmission traces
of Super-LoRa across our university campus using various
transmission parameters and link conditions. The collected
traces and node locations are depicted in Fig. [I2] The setup
spans a 1 Km x 0.9 Km area, covering both indoor and outdoor
environments with Line-of-Sight (LoS) and non-LoS transmis-
sions. Super-LoRa operated on the 915 MHz ISM band with
a bandwidth of 250 KHz. The links encountered various SNR
conditions, ranging from < —5dB to > 5dB.

It should be noted that Super-LoRa cannot be directly in-
tegrated with Commercial-Off-the-Shelf (COTS) LoRa nodes,
as access to the I-Q samples of the modulator/demodulator is
required. However, as discussed in Section [lII-D} we reused
all components of the encoder and decoder, only modifying
the modulator and demodulator.

SER Vs SNR: We evaluate the SER of Super-LoRa through
experiments for SF7, SF8, and SF9, plotting SER as a function
of SNR for different superposition orders K (Fig.[T3). For SF7
(Fig. , reliable performance (SER < 107!) is achieved
at K = 2 and SNR < —5 dB, demonstrating that the bitrate
can be improved even at low SNRs. For higher SNRs, K =5
can be supported while maintaining SER < 10~!. Higher SF
values (Figs. [[3(b)] allow higher superposition orders
at similarly low SNRs, such as K = 3 at SNR < —5 dB with
SF9.

Link Throughput: We evaluate the throughput improve-
ment of Super-LoRa under various SN R conditions by trans-
mitting a 10-byte payload with different SF, superposition
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Fig. 12: Deployment testbeds of Super-LoRa on (a) indoor,
and (b) outdoor environments. Super-LoRa implementation on
GNU Radio for the (¢) transmitter, and (d) receiver.

0.7 0.8
0.6
0.5 0.6
5 0.4 &
0.3 V0.4
0.2 02
0.1
005 0 5 >15 0.0 0 3 5 >15
SNR (dB) SNR (dB)
(a) (b)
. K=1
0.5 m K=2
. K=3
0.41 - K=4
[od | mm K=5
A 0.3 mE K=6
0.2 mm K=7
mm K=38
0.1 K=9
mm K =10
0.0-
<-5 0 5 >10
SNR (dB)

()

Fig. 13: SER for Super-LoRa for various superposition orders
and (a) SF'=7, (b) SF =38, and (c) SF = 9.

order K, and channel conditions (i.e., SNR). Note that the
packet overhead (header, CRC, etc.) is the same for all
superposition orders K as Super-LoRa only superimpose the
payload symbols. The results are depicted in Fig. [T4] For SF7
(Fig. [T4(a)), a throughput of 4 Kbps is observed for K = 1
at SNR < —5. However, at SNR around 0 dB, the throughput
increases to 6 Kbps and 8 Kbps for K = 2 and K = 3,
respectively, showing a 1.5 % to 2x improvement over standard

10

LoRa. The improvement extends up to 3x at higher SNR
(SNR > 5), reaching 12 Kbps. This shows the great potential
of Super-LoRa to improve the communication throughput.
Similar observations are seen for higher SF, as depicted in
Fig. [[4(b)| and Fig. where the improvement extends
up to 5x compared to standard LoRa at higher SNR regime,
highlighting the potential of Super-LoRa in data-intensive IoT
applications.
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Fig. 14: Throughput for Super-LoRa for various Superposition
orders K and (a) SF =7, (b) SF =38, and (c) SF = 9.

C. DISCUSSION

While the previous sections highlighted the improvements
offered by Super-LoRa across various SF configurations, the
most significant gains are observed at the lowest SF (SF = 7).
This is particularly relevant since LoRa devices with higher
SNRs are better suited to operate at lower SFs. Nonetheless,
Super-LoRa can also effectively exploit SNRs near the tran-
sition thresholds between different SFs, such as those used in
ADR in LoRaWAN networks.

In addition, it is worth mentioning that the most relevant
comparison to our work is HyLink [14], which utilizes ampli-
tude and phase signatures of LoRa symbols to transmit them
concurrently. While their approach achieves notable through-
put improvements, their implementation involves higher com-
putational complexity to retrieve the amplitude and phase
signatures. Further, since their implementation is not publicly
available, making a direct comparison with our framework is
challenging. However, based on reported SER and throughput
metrics in [14]], our framework achieves comparable perfor-
mance under similar conditions, with the added benefit for our
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framework of requiring minimal modifications to the standard
LoRa architecture.

V. RELATED WORKS

Many previous works have focused on concurrent decoding
of collided LoRa packets at LoRa gateway to improve the
overall network capacity, including Choir [15], mLoRa [16],
CIC [17], CoLoRa [18]], NScale [19], and FTrack [20]. Choir
[15] leverages the hardware imperfections that produce unique
CFO signatures for different LoRa transmitters, allowing the
classification of collided packets based on frequency offsets.
FTrack [20] applies Short Time Fourier Transform (STFT) on
dechirped LoRa symbols, utilizing time and frequency features
to enhance collision resolution by leveraging spread spectrum
gain and removing linear frequency variations. CIC [17]
accumulates windows of varying lengths in time and frequency
domains, balancing resolution to decode collided packets.
NScale [19] decodes LoRa collisions at low SNR by con-
verting timing offsets into frequency features and amplifying
time offsets through non-stationary scaling. mLoRa [16] and
CoLoRa [18] resolve packet collision by classifying symbols
based on the received power levels of each packet. Unlike these
works, Super-LoRa focuses on enhancing the communication
throughput of individual LoRa links, supporting data-intensive
IoT applications per each link.

The work most closely related to ours is HyLink [14],
which proposes an enhancement to LoRa networks called
parallel Chirp Spread Spectrum (p-CSS) to increase data rates.
HyLink modulates multiple symbols within a single chirp
duration, identifying each symbol by encoding unique phase
and amplitude signatures, enabling concurrent transmission.
This approach relies on extracting these signatures at the
receiver to demodulate parallel transmissions, especially in
high-SNR environments. In contrast, our proposed Super-LoRa
framework employs pre-agreed time-delay signatures between
superimposed symbols, eliminating the need for signature
extraction during demodulation. This design reduces receiver
complexity while maintaining high throughput, setting our
approach apart from HyLink’s reliance on phase and amplitude
extraction.

VI. CONCLUSION

In this work, we introduced Super-LoRa, an innovative trans-
mission technique that pushes the boundaries of LoRa’s
throughput while maintaining lower transmitter and receiver
complexity. Through simulations and real-world evaluations,
we demonstrated that Super-LoRa can achieve up to a 5Xx
increase in throughput with minimal additional complexity
at the receiver. Our results suggest that Super-LoRa is a
promising candidate for IoT applications requiring higher data
rates, such as real-time environmental monitoring and smart
city infrastructure. Future work will focus on optimizing the
framework parameters, expanding compatibility with commer-
cial LoRa devices, and incorporating interference cancellation
techniques to further improve the robustness of Super-LoRa.

APPENDIX A
OPTIMAL POWER ALLOCATION PROOF

We show in this section that uniform power allocation in
Super-LoRa, ie, P, = P, = --- = Pg = };(—T, ensures
optimum power allocation to maximize the minimum SIR
across all superimposed payload symbols. Defining the power
allocation vector as P = [Py, P, ... ,PK]T, an optimization

problem can be formulated as:

P;
——1je{l,2,...,K}

max min (23)
P J i=1 D
1#]
K
st. Y P=Pr. 24)
i=1

To facilitate solving this problem, we introduce an auxiliary
variable ¢, replacing the minimum function. The problem then
reformulates as:

IEE}DX t (25)
P ,
st. —2— >t Vje{l,2,....K} (26
=1 B
1#]
K
> P =rr. 27)
i=1

To determine a feasible upper bound of the objective function,
we express P; from as:

K
P; = Pr — Z P,. (28)
i=1
i#j
Additionally, the constraint in (26) can be rewritten as:
K
Pi>t|> P|, Yie{l2... K} (29)
i=1

i#]
Since all P; and t are positive, summing both sides of (29)
over all j and combining it with (28) yields:

K K 1
P>t (K—-1 P t <
3 O N

Equation (30) establishes an upper bound for the objective
function in 23). To verify achievability of the upper bound

(30)

t* = 7, we consider the uniform power allocation:
P,
P1:P2:~-~:PK:?T. (31)
Substituting into the SIR expression:
Pr/K 1
r/ = >tt=——\ (32
(K _1)Pr/K K1 K1

which satisfies (26). Furthermore, the total power constraint
holds:

(33)
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Since the constraints are satisfied and the upper bound is
achieved at equality, the uniform allocation is optimal, com-
pleting the proof.
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