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Abstract
LoRa is one of the most widely used LPWAN communication
techniques operating in the unlicensed sub-GHz ISM bands.
Its long range however also results in increased interference
from other LoRa and non-LoRa networks, undermining net-
work throughput due to packet collisions. This has motivated
extensive research in the area of collision resolution tech-
niques for concurrent LoRa transmissions and continues to
be a topic of interest. In this paper, we verify the implementa-
tion and efficacy of four of the most recent works on LoRa
packet collisions, in addition to standard LoRa. We implement
OpenLoRa, an open-source, unified platform to evaluate these
works and extensible for future researchers to compare against
existing works. We implement each of the four techniques
in Python as well as separate the demodulator and decoder
to provide benchmarks for future demodulators that can be
plugged into the framework for fair and easy comparison
against existing works. Our evaluation indicates that existing
contention resolution techniques fall short in their throughput
performance in practical deployments, especially due to poor
packet detection in low and ultra-low SNR regimes.

1 Introduction

LoRa is one of the most widely used Low Power Wide Area
Network (LPWAN) technologies for IoT applications such
as smart cities [1, 2], smart agriculture [3, 4], and industrial
IoT [5, 6]. LoRa’s popularity stems from its long operating
range, low power consumption, low-cost, and ease of deploy-
ment [7–10]. Its long range however, is a double-edged sword
as it also results in increased interference from other inde-
pendently deployed LoRa networks, leading to poor network
throughput due to packet collisions [11, 12]. Ghena et.al [13]
show that LoRa falls short of meeting the requirements for
a large variety of IoT applications due to two key reasons :
(a) under-utilization of the network capacity and (b) lack of
co-existence between networks.

Recently, a large number of LoRa collision resolution
techniques have been proposed to address the above chal-

lenges: Choir [14], FTrack [15], NScale [16], CoLoRa [17],
mLoRa [18], CIC [19], Pyramid [20], and AlignTrack [21].
These techniques develop novel LoRa de-modulation algo-
rithms that can simultaneously decode multiple colliding
LoRa packets to improve network throughput and address
scalability challenge faced by LoRa networks.

In this paper, we seek to compare and verify the efficacy of
state-of-the-art in LoRa collision resolution algorithms and
ask the question, “How effective are state-of-the-art collision
resolution techniques in improving network throughput?” .
Our goal is to evaluate and analyze various existing techniques
in a variety of important scenarios such as indoor/outdoor and
low/high-SNR networks. Towards this evaluation, we have
developed OpenLoRa, an extensible, open-source framework
using Python to implement each of the demodulators and
design an evaluation pipeline, along with extensive datasets
that can be used for benchmarking future works in LoRa
receiver designs. To this end, we pick four recent techniques,
(i) FTrack [15], (ii) NScale [16], (iii) CoLoRa [17], and (iv)
CIC [19] that provide public implementations.

The motivation for our paper stems from several key gaps
in the available implementations and evaluations.
Lack of throughput evaluations. While increasing network
throughput (in kilo bits per second) is their key goal, most
LoRa packet collision resolution literature evaluates the per-
formance of the demodulator only, which outputs data sym-
bols rather than bits; this can perhaps be attributed to the
difficult task of recreating LoRa’s encoder and decoder. In
the absence of the decoder, one can only evaluate the average
symbol error rate, but not bit or packet error rates and hence
network throughput in kbps. As we demonstrate in Section
§5.1, lower symbol error rates do not necessarily translate to
lower packet error rates and corresponding higher network
throughput. In fact, seemingly lower symbol error rates com-
pared to standard LoRa might still result in lower throughput!
Lack of co-existence evaluation. Although co-existence of
LoRa networks has been identified as a key challenge [11–13],
to the best of our knowledge existing literature has not studied
the impact of interference due to other LoRa and non-LoRa



Figure 1: Overview of OpenLoRa, the proposed open-source framework

networks on the efficiency of collision resolution. In this
paper, we design and perform a new set of experiments to
measure the impact of LoRa interference from networks with
different SF and non-LoRa interference such as FSK on the
network throughput performance.
Lack of a uniform evaluation and a benchmark datasets.
Understanding and analyzing the performance of various tech-
niques in different settings is crucial to future research. Exist-
ing evaluations differ in terms of evaluation metrics, method-
ology, scenarios that impact performance such as signal-to-
noise-ratio (SNR), indoor/outdoor settings, nature of traffic,
effect of bursts etc. In some cases, these have only been stud-
ied using simulations. In this paper, we create a set of bench-
mark datasets spanning various important LoRa scenarios that
can be used to evaluate uniformly. In our experiments we find
that existing techniques under-perform compared to standard
LoRa in very low SNR scenarios.
Implementation variability. Current implementations do
not use a common tool: Python, GNURadio, and MATLAB
are some of the tools used. Additionally, each of the imple-
mentations have a different data preprocessing methodology,
making it a challenging task to input a sample file and deter-
mine the metrics of interest. Therefore, despite the availability
of public code repository, it is a challenging task to input a
new file and obtain the performance of the demodulator.

In order to address the above gaps, we have implemented
an evaluation framework (depicted in Figure 1) with the goal
of providing a common framework to benchmark existing
methods. We believe that our extensible framework will help
future researchers evaluate LoRa collision resolution tech-
niques uniformly against prior works with common datasets,
and analyze them. OpenLoRa includes a pipeline of four key
stages. First, a suite of experimental datasets comprising re-
ceived raw samples of LoRa transmissions obtained from
various experimental deployments, specifically designed to
evaluate various important aspects of collision resolution algo-
rithms. Second, a uniform Python based interface to interact
with each demodulator. A future LoRa demodulator algorithm
can be simply plugged into this framework and compared
against other implementations on the metrics of interest for

real-world deployments. Third, a standard LoRa decoder that
can convert symbols generated by any demodulator into pack-
ets, so that we can measure bit error rates, packet error rates,
and throughput. Last but not the least we provide a suite of
important metrics such as bit error rate, packet reception rate,
and network throughput.

In summary, we make the following contributions towards
our verification of state-of-the-art LoRa demodulators:

• We present OpenLoRa, an extensible, open-source frame-
work to evaluate and compare different techniques that we
hope future researchers will be able to use (provided in
GitHub repository1 as well as in a Docker container2 en-
abling environment-independence to run the demodulators
locally). Our framework comprises benchmark datasets, a
standard interface to plug in various demodulators, a LoRa
decoder that outputs bits and a suite of relevant metrics.

• We implement and verify the performance of four state-of-
the-art LoRa collision resolution demodulators and standard
LoRa, comparing their throughput (in kbps) improvements.
We find a surprising fact that even though many techniques
decode more symbols on average than standard LoRa, this
does not necessarily translate to throughput improvements.
As the network traffic increases in long-range outdoor sce-
narios, standard LoRa outperforms all existing techniques.

• In order to cross-validate the results reported in original
works, we recreate the key experimental scenarios presented
by each and compare the results. Our results are in line with
the results in the respective papers evaluated. This extra
effort validates the fidelity of our framework and implemen-
tation of various demodulators.

• We develop a web interface3 for users to easily add new
custom demodulation techniques for benchmarking and
analyze the performance of implemented techniques.

1https://github.com/UW-CONNECT/OpenLora
2Linked in OpenLoRa Github page.
3https://openlora.wisc.edu

https://openlora.wisc.edu


• We implement and validate the standard LoRa decoder in
Python, allowing the comparison of different demodulation
techniques based on end-to-end metrics such as throughput
(in kbps) and the number of successfully received packets
after error correction. We hope this openly accessible im-
plementation enables future researchers to evaluate their
works based on similar end-user metrics.

• We design new experiments to study the effects of colli-
sions under extremely-low SNR, interference from LoRa
networks with different spreading factor and non-LoRa in-
terference such as Frequency-Shift-Keying from other net-
works on the throughput performance.

2 LoRa Demodulators Validated

In LoRa, data is modulated using a Chirp Spread Spec-
trum (CSS) scheme which confers it long range and sub-
noise decoding ability. We present details on LoRa’s mod-
ulation/demodulation and effects of collision on network
throughput in Appendix A. Choir [14] is a pioneering work in
LoRa collision resolution with the goal of improving network
throughput. It leverages the inherent hardware imperfections
in the radio of LoRa transmitters and distinguishes collid-
ing packets by uniquely mapping their imperfections to the
transmitters. mLoRa [18] leverages Successive Interference
Cancellation to iteratively decode the symbols with the high-
est power and remove them from consideration. In this paper,
we implement four demodulator algorithms that improve upon
Choir and mLoRa to decode multi-packet collisions. We dis-
cuss these demodulators in the rest of the section.

2.1 FTrack [15]
FTrack is one of the first approaches to use time and fre-
quency domain features to resolve LoRa collisions. FTrack
relies on Short Time Fourier Transform (STFT) to obtain time
and frequency features. FTrack proposes to apply STFT on
the dechirped LoRa symbol to leverage the spread spectrum
gain as well as to remove the linear change in frequency with
time. Appendix B.1 explains how FTrack chooses an appropri-
ately sized window and leverages time-frequency resolution
to resolve collisions.

2.2 CoLoRa [17]
CoLoRa, similar to FTrack, leverages time offsets and fre-
quency features to resolve collisions. CoLoRa observes that
collided packets are misaligned in time and therefore have
different lengths of symbol segments appearing in the de-
modulation window. This results in FFT peaks with heights
proportional to the length of the symbol in the current demod-
ulation window. CoLoRa also observes that the ratio of FFT
peak between two consecutive windows remains the same

throughout a packet. It uses these key insights to translate
time offsets to frequency features and differentiate colliding
packets. Details on CoLoRa’s demodulation window choice
and the use of peak ratios can be found in Appendix B.2.

2.3 NScale [16]
As the range increases, the SNR of LoRa packets decreases
and the relative performance improvement of FTrack and
CoLoRa degrades. NScale [16] focuses on decoding packet
collisions at SNRs as low as -10dB. Similar to CoLoRa, it
translates the timing offsets to frequency features and further
amplifies the time offsets by non-stationary signal scaling.
NScale’s strength lies in its ability to decode and resolve
LoRa packet collisions at SNRs below -10 dB. In Appendix
B.3, we explain how NScale achieves sub-noise decodability.

2.4 Concurrent Interference Cancellation [19]
Concurrent Interference Cancellation (CIC) also leverages
time and frequency domain analysis to decode multi-packet
collisions. CIC identifies that due to Heisenberg’s Time Fre-
quency Uncertainty Principle, one can achieve either the best
frequency resolution or best time resolution, not both. CIC
attempts at getting the best of both resolutions by accumulat-
ing multiple windows of varying lengths, resulting in varying
time and frequency resolutions. Appendix B.4 explains CIC’s
technique to resolve packet collisions.

3 Framework Implementation

We implement OpenLoRa and evaluate standard LoRa,
FTrack, CoLoRa, NScale, and CIC in a uniform framework
using Python as illustrated in Fig. 1. The extensible frame-
work also provides the ability to add a new demodulator and
evaluate its performance against the implemented techniques
over the datasets collected over a range of scenarios.

We have built an easy-to-use web interface to help users
analyze the implemented demodulators’ performance in more
detail. We also provide the option to plug-in one’s own new de-
modulator for benchmarking, with a few simple steps. Some
screenshots to walk through the web page are provided in
Fig. 2. The homepage asks for user selection to either add
a new demodulator or run existing techniques as shown in
Fig. 2(a). Fig 2(b-c) show the flow to add a new custom de-
modulator with the user downloading the existing framework,
adding their files, testing on a sample dataset and uploading
to run and compare against already implemented techniques.
Similarly, Fig 2(d-f) show the flow to analyze the existing de-
modulators in detail by choosing a scenario and configuration
among those presented in Section §5 and presenting detailed
data points as well as plots.



OpenLoRa has a pipeline of four major blocks: datasets,
interface to the demodulators, decoder, and metrics. We de-
scribe each one of these blocks in detail below.

3.1 Datasets : Experimental setup for data col-
lection

For a thorough and fair evaluation of the demodulation algo-
rithms, a uniform set of data sample files is necessary. We
deployed practical networks of LoRa nodes in varying config-
urations (SF and BW) and scenarios (Line-of-Sight, SNR) as
shown in Fig 3. We believe the presented evaluation accounts
for a comprehensive (but not exhaustive) set of conditions
to assess the feasibility of real-world usage, and serve as a
benchmark to gauge the performance of future work in this
domain. We will make the datasets, along with the ground
truth, publicly available for reproducibility. We believe this
will help other researchers to evaluate their work on a variety
of scenarios as well.

We used 20 battery-powered Adafruit Feather M0 with
RFM95 [22] as LoRa transmitters deployed in the following
settings, with a USRP B200 as the receiver. Unless other-
wise mentioned, by default, each transmitter sends a known
message, while the duty cycle and the load follows a Poisson
distribution. The arduino code flashed onto Adafruit Feather
M0 boards and the circuit diagram to setup the boards can
be found in the github repository 4 under the folder Exper-
iment_ Setup. At each of the locations (red dots in Fig. 3),
the individual transmitters were verified to be reachable from
the receiver i.e.,in the absence of collisions, LoRa packets
from each of the transmitters were successfully received us-
ing the standard LoRa demodulator. Each data point in the
evaluation results was averaged over multiple iterations of
data transmissions (ranging from a minimum of 200 packets
to over 6000 packets depending on the scenario). The details
on each experimental setup and the methodology specific to
each experiment can be found in the Appendix E. The three
settings used in our experiments are:

1. Indoor Line-of-Sight (LoS) : This setting serves as a high-
SNR scenario in our experiments. Twenty LoRa nodes
were deployed in a 15m x 10m room, distributed uniformly
in LoS with the receiver as shown in Fig. 3 (a). This setting
emulates a deployment similar to a smart home, with IoT
nodes distributed in a small space, many of which have LoS
to the receiver. In this setup, we performed experiments
which required precise control over collision parameters,
parametric analysis with controlled time offset between
colliding packets, concurrent collisions, and high SNR
collisions.

2. Indoor Non-Line-of-Sight (NLoS) : This setting serves
as a low-SNR setting inside a building spanning an area of

4https://github.com/UW-CONNECT/OpenLora/tree/main/Experiment_
Setup

150 m x 75 m (per floor) over two floors. The transmitters
were deployed as per Fig. 3 (c) and (d), showing the distri-
bution of nodes on first and second floor respectively. The
nodes were distributed in NLoS setting, separated from
the receiver by multiple concrete walls, elevator shafts,
and metal obstructions. This setting emulates a typical
deployment of IoT nodes in an indoor office or factory
building, with human movement as well as wireless traf-
fic interfering with active transmissions. This setup was
used to collect datasets for collisions with increasing ag-
gregate transmission rate. We also performed controlled
interference experiments here.

3. Long-range outdoor : This setting serves as an extremely
low-SNR setting with nodes at distances of 1 to 8.25 km
from the receiver. The nodes were distributed across urban
areas and along a lake shore as seen in Fig. 3 (b). This set-
ting emulates applications which particularly befit the use
of LoRa modulation where communication over long dis-
tances is necessary, such as city monitoring applications or
sensor deployment across huge agricultural fields. We col-
lected datasets for various transmission rates in extremely
low-SNR conditions.

3.2 Demodulators Block
Fig. 13 in Appendix C.1 shows an overview of the Python
implementation and how the demodulators were integrated
into the overall flow of the framework. Appendix C.2 also
describes the organization of the implementation code into
Python modules. We thank the authors of each of the works
presented here for sharing their implementations with us. In
addition to re-implementing the code in Python, the following
refinements were made to accept and pre-process a variety
of datasets, as well as to reduce the computation time of
demodulation using parallel processes:
FTrack : FTrack processes the entire input data file at once.
While it is feasible for slices with a few packets, it is com-
putationally intensive for real-life data capture with tens of
million of samples. This also posed a challenge in the mem-
ory constraints for practical datasets such as those from our
experiments. To mitigate this, we built a pre-processing block
that separates out the active data transmission from silence
periods based on energy thresholds of the signal and passes
only the valid transmission data to the demodulator. FTrack’s
demodulator algorithm uses a number of threshold parame-
ters for separating collisions such as peak power ratio, noise
floor power, and ratio of stronger to weaker peaks, among
others. These parameters need to be modified based on the
input dataset for accurate functioning of the algorithm. We set
these parameters based on our datasets empirically, however a
formal procedure for the derivation of these thresholds would
be highly beneficial for any user.



(a) (b) (c)

Figure 2: Screenshots from the system interface web page : (a) Flow to add a new demodulator (b) choose a scenario to
benchmark (c) Flow to run an existing demodulator for analysis with network setting and SF configuration

NScale : In addition to re-implementing in Python, we param-
eterized NScale implementation to accept datasets with differ-
ent LoRa configurations. Various parameters and thresholds
for recognizing sync words, clustering packets from the same
transmitters together, and choosing the correct demodulation
window were generalized to get the optimal demodulation
results. The original implementation resulted in missed or
repeated symbols when any of the collided packets was split
approximately in half by the demodulation window due to am-
biguity in length and peak ratios. We implemented an up-chirp
correlation-based packet identification, as described in the pa-
per, and aligned the demodulation window appropriately to
avoid this corner case.
CoLoRa :We implemented an up-chirp correlation based strat-
egy to process the input file parallelly using Python multipro-
cessing. This enabled us to identify the start of packets and
choose a reception window, ensuring any symbol’s split ratio
to be between 1/3 and 3 as derived in the paper. We imple-
mented the Akaike Information Criterion based algorithm to
detect the onset of the received packet.
CIC: CIC iteratively decodes packets and hence stores the
entire data transmission session. At higher data rates, frequent
transmissions can lead to very long packet transmissions that
can overflow the memory. We overcome this challenge by
splitting active data transmissions longer than a threshold into
multiple sessions and process them separately.
Std-LoRa Demodulator: For the implementation of the stan-
dard LoRa demodulator, we used rpp0/gr-LoRa [23], an open
source GNURadio block for decoding LoRa packets. gr-LoRa
has demodulator and decoder integrated as a single block. We
split the two into separate blocks and used the demodula-
tor as part of our std-LoRa demodulator implementation. It
looks for the strongest peak in each demodulation window
and tries to find consecutive occurrences of the same symbol
to detect preambles. Once all the preambles are detected and
the preamble indices saved, it continues finding the strongest

peak in every demodulation window of the detected packet
and outputs the corresponding symbols.

3.3 Standard LoRa Decoder Block
Majority of the existing works focus on demodulator perfor-
mance as a function of the symbols received. A LoRa receiver
consists of a demodulator followed by a decoder. The de-
coder maps received symbols to message. LoRa decoder (and
encoder) is responsible for performing forward error correc-
tion using Hamming codes, interleaving, whitening, and gray
coding to decode symbols to bits and then message. LoRa
supports four coding rates ranging from 4/5 having the least
redundancy to 4/8 having the highest. This redundancy allows
the LoRa signal to endure interferences and correct small
errors. While the demodulated symbols provide some under-
standing of the receiver, the output of the decoder is required
to obtain metrics such as throughput, bit error rate, and num-
ber of packets successfully received. Additionally, the number
of symbol errors that can be corrected by the receiver depends
on the coding rate used by the LoRa transmitter.

In order to evaluate the throughput performances of the
demodulators, we implemented LoRa decoder in Python.
We used an open-source LoRa receiver framework [23] that
jointly demodulates and decodes LoRa samples and separated
the decoder and demodulator modules. We then implemented
the decoder module separately in Python such that the output
of any demodulator can be decoded. This allows for a modu-
lar implementation of a LoRa receiver pipeline. Our decoder
implementation first extracts the symbols corresponding to
LoRa header from the demodulator output. It infers the pay-
load CRC and payload length information by reversing the
process of Gray encoding, interleaving, shuffling, and Ham-
ming encoding. Finally, these operations are performed on
the symbols corresponding to the payload and the final mes-
sage is displayed as the output. This process is repeated for
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