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ABSTRACT

LoRa has emerged as a key wireless communication technology

for a gateway to provide geographically-distributed IoT devices

with low-rate, long-range connections. In this paper, we present

MaLoRaGW, the first-of-its-kind Multi-antenna LoRa GateWay that

enables multi-user MIMO (MU-MIMO) LoRa communications in

both uplink and downlink. MaLoRaGWwas inspired by the success

of MU-MIMO in cellular and Wi-Fi networks. The key component

of MaLoRaGW is a joint baseband PHY design for uplink packet

detection and downlink beamforming. Its innovation lies in three

modules: spatial signal projection, accurate channel estimation, and

implicit beamforming, all of which reside only in a LoRa gateway

and require no modification on LoRa client devices. We have built

a prototype of two-antenna MaLoRaGW on a USRP device and ex-

tensively evaluated its performance with commercial LoRa dongles

in three scenarios: lab, office building, and university campus. Our

experimental results show that, compared to the state-of-the-art,

the two-antenna MaLoRaGW increases uplink throughput by 10%

and downlink throughput by 95%.
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1 INTRODUCTION

Recent years have witnessed a continuous and rapid increase in

the number of low-cost Internet-of-Thing (IoT) devices, most of

which have a low data rate requirement but desire to prolong their

battery lifetime [8, 16, 25, 26]. LoRaWAN has emerged as a key

wireless communication technology to connect a large number

of geographically-distributed IoT devices with a single gateway
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[27, 34, 45]. LoRa devices employ chirp spread spectrum (CSS) mod-

ulation at the physical layer, which allows a LoRa receiver to decode

packets at very low signal-to-noise (SNR) scenarios (e.g., -20dB [42])

and therefore permits a long communication range (e.g., 8km), as

indicated by its name.

A central problem with LoRaWAN is packet collision, which

fundamentally limits its packet delivery rate and network through-

put in user-dense scenarios [10, 13, 18, 26]. Different collision re-

covery approaches have been proposed to address this problem

[3, 11, 17, 22, 29, 32, 33, 36, 39]. Most of these approaches aim to

decode collided LoRa packets by exploiting the unique signal fea-

tures in the frequency (see, e.g., [7, 36]) and time/power (see, e.g.,

[28, 29, 33]) domains. While these approaches have demonstrated

a significant enhancement for LoRa collision resilience, the state-

of-the-art is far from satisfaction in practice. For example, mLoRa

[31] and FTrack [36] can rarely decode three collided LoRa packets

while maintaining its symbol error rate less than 10%. Since the

potential in time and frequency domains has been well exploited, it

is natural to explore the spatial domain of a LoRa gateway so that

its collision resilience can be further improved by leveraging multi-

antenna techniques. In addition, most existing LoRa work focuses

on uplink packet detection. The downlink transmission efficiency

of LoRaWAN has not been well explored. One may think that, in

LoRaWAN, uplink is important while downlink is not. This was

true. However, with the continuous expansion of LoRa application

landscape, downlink communications have become increasingly im-

portant for some LoRa applications such as remote sensor control,

massive machine operation, and smart city/building management.

When LoRa devices require ACK to confirm the successful delivery

of their packets (e.g., TCP connection), the downlink transmission

becomes particularly useful. Multiple antennas on a LoRa gateway

will make it possible to enable concurrent downlink transmission,

which will significantly improve the downlink throughput and find

many applications in emerging LoRaWANs.

In this paper, we present MaLoRaGW, the first-of-its-kind multi-

antenna LoRa gateway that enables multi-user MIMO (MU-MIMO)

LoRa communications in both uplink and downlink. MaLoRaGW

was inspired by the success of MU-MIMO in cellular and Wi-Fi

networks [4, 23, 40, 44, 48]. It exploits the spatial degrees of free-

dom (SDoF) provided by its multiple antennas for two purposes:

i) enhance packet detection in uplink and ii) enable concurrent

packet transmission in downlink. In uplink, MaLoRaGW projects

the received multiple signal streams into different spatial subspaces,

making it possible to decode a weak collided LoRa packet that

cannot be decoded by a LoRa receiver with a single antenna. In

downlink, MaLoRaGW performs beamforming to send multiple in-

dependent packets to different users, thereby improving downlink

throughput and reducing the packet round-trip latency.

Realizing MaLoRaGW in practice is a nontrivial task. In up-

link, reaping the multiplexing gain requires the MU-MIMO channel



SenSys ’22, November 6–9, 2022, Boston, MA, USA H. Pirayesh, S. Zhang, P. Kheirkhah Sangdeh, and H. Zeng

knowledge to mitigate strong inter-user interference so as to decode

weak collided packet [41]. However, estimating channel knowledge

requires fine-grained frequency/timing synchronization, which in

turn requires channel knowledge for signal projection [1, 43]. The

synchronization and channel estimation form a death loop, which

must be broken in order to decode a weak collided packet. To ad-

dress this issue, we perform principal component analysis (PCA) on

the received signal streams and find that the principal components

(i.e., eigenvectors of the time-domain signals’ covariance matrix)

perform very well in the separation of weak and strong packets.

We thus use the principal components of received signal streams

to project them into their subspace. Based on the projected signal

streams, channel coefficients are estimated for each user and the

corresponding packets are decoded.

In downlink, concurrent transmission relies on beamforming

to pre-mitigate inter-user interference so that each LoRa device is

capable of decoding its desired packets; and the construction of

beamforming filters requires downlink channels between a gate-

way and its users. The key challenge here is channel acquisition.

An approach that is widely used in cellular and Wi-Fi networks is

explicit channel feedback, i.e., each user estimates downlink chan-

nel and reports it back to base station (or access point). However,

LoRa devices do not have the luxury to perform explicit channel

feedback. To address this issue, MaLoRaGW adopts implicit channel

estimation. That is, MaLoRaGW estimates uplink channels based on

its received (collided or uncollided) packets and performs channel

calibration to infer downlink channels based on the estimated up-

link channels. This approach is transparent to LoRa users, making

MaLoRaGW backward compatible with off-the-shelf LoRa devices.

We have built a prototype of MaLoRaGW and evaluated its per-

formance in realistic scenarios of three different scales: lab, office

building, and university campus. It has been validated that MaLoR-

aGW is backward compatible with commercial off-the-shelf (COTS)

LoRa devices. Extensive experiments have been conducted to eval-

uate the packet error rate (PER) and throughput performance of

MaLoRaGW against the state-of-the-art LoRa gateways. Our exper-

imental results show that, in uplink, the two-antenna MaLoRaGW

increases the throughput by 10% and reduces the PER by 40%. In

downlink, it improves the throughput by 95% while maintaining a

similar PER. One may wonder why uplink throughput gain is small.

This can be partially attributed to the fact that a single-antenna

LoRa device is already capable of decoding collided packets thanks

to its CSS modulation. Actually, in uplink, the benefit of MaLoR-

aGW manifests in the PER reduction (by 40%), which leads to a

more reliable LoRa communication.

The contributions of this paper can be summarized as follows.

• MaLoRaGW, to the best of our knowledge, is the first one

of studying MU-MIMO for LoRaWANs. It presents a novel

LoRa PHY design that enhances concurrent packet detection

in uplink and enables concurrent packet transmission in

downlink.

• MaLoRaGW introduces new signal processing techniques to

enable MU-MIMO for LoRaWAN, including PCA-based syn-

chronization, robust channel estimation, and implicit beam-

forming. Through a joint uplink and downlink design, MaL-

oRaGW is backward compatible with COTS LoRa devices.

• MaLoRaGW has been evaluated in three different-scale sce-

narios with off-the-shelf LoRa devices. Experimental results

show that, compared to existing LoRa gateways, a two-antenna

MaLoRaGW can slightly improve the throughput in uplink

but nearly double the throughput in downlink.

2 RELATEDWORK

Recently, many schemes have been proposed to address the packet

collision problem in LoRaWANs. Most existing schemes leverage

the CSS modulation features in the frequency (e.g., [7, 36]) and

time/power (e.g., [11, 28, 29, 31, 33, 39]) domains to decode collided

packets. MaLoRaGW is designed based on existing work (e.g., Choir

[7], FTrack [36] and PCube [35]) for its concurrent uplink trans-

mission, and it complements existing work by enabling concurrent

downlink transmission for the first time.

Frequency Feature Exploitation. In [7], Eletreby et al. pro-

posed Choir to differentiate the collided packets from different users

based on their unique frequency offsets. Choir was designed based

on the observation that many hardware imperfections (e.g., time,

frequency, or phase offsets) contribute to the frequency shifts of

CSS chirps. In [36], Xia et al. proposed FTrack to decode collided

chirps for LoRa. FTrack applies a sliding demodulation window to

the received signals and traces the variations of the detected fre-

quencies. By leveraging the timing misalignment of collided chirps,

FTrack filters out the undesired chirps based on their discontinued

frequencies. MaLoRaGW borrows the ideas from these works but

extends them to the spatial domain. Moreover, MaLoRaGW extends

concurrent transmission from uplink to downlink.

Power Feature Exploitation. In [29], Tong et al. proposed

a scheme called CoLoRa to enable multi-LoRa packet reception.

CoLoRa uses the time offset between collided packets as well as the

peak power ratio of the demodulated chirps to differentiate collided

chirps. Similarly, NScale in [28] successfully demodulates collided

chirps using both normal down-chirp and non-stationary scaled

down-chirp symbols. It first pairs the resultant peaks and then

calculates their peak scaling factors to differentiate collided packets

from different users. In [33], Wang et al. introduced a collision

recovery scheme (called OCT) by leveraging the time and power

offsets of collided packets. OCT first ranks the power of the detected

peaks and then classifies the collided packets based on their peak

power. Similar ideas have also been studied in [11, 39].

MIMO Diversity for LoRa Uplink. Thus far, spatial domain

has rarely been exploited for LoRa. Pioneering work [35] presents a

MIMO-based gateway design (PCube) to decode the collided pack-

ets. PCube combines LoRa signal features in time and frequency

domains with the measured phase difference over different anten-

nas to decode the collided packets. MaLoRaGW differs PCube in

two aspects: i) PCube considers uplink only while MaLoRaGW

mainly focuses on downlink; ii) PCube exploits spatial diversity

while MaLoRaGW exploits spatial multiplexing.

NewWaveform and Detector for LoRa. In [15], Li et al. in-

troduced CurvingLoRa to improve the capacity of LoRaWANs. The

key idea is to use a non-linear base chirp for the modulation of

LoRa signal. While it can significantly increase the capacity of a

LoRa gateway, it is not backward compatible with incumbent LoRa

devices and may become more sensitive to timing offset. In [14], Li

et al. proposed a demodulation scheme (called NELoRa) for LoRa



MaLoRaGW: Multi-User MIMO Transmission for LoRa SenSys ’22, November 6–9, 2022, Boston, MA, USA

0 1 2
Time (ms)

-250

0

250

Fr
eq

ue
nc

y 
(k

H
z)

-150

-100

-50

Po
w

er
/fr

eq
ue

nc
y 

(d
B/

H
z)

(a)

0 1 2
Time (ms)

-250

0

250

Fr
eq

ue
nc

y 
(k

H
z)

-150

-100

-50

Po
w

er
/fr

eq
ue

nc
y 

(d
B/

H
z)

(b)

Figure 1: The spectrogram of CSS modulation: (a) the base

up-chirp symbol, (b) the modulated symbol ‘1010011101’ (669

in decimal), where 𝑓𝑠𝑦𝑚 = 669
210

× 500 kHz ≈ 326.7 kHz.

Preamble

8 Symbols

Synchronization word

4.25 Symbols

PHDR PHDR_CRC

8 Symbols

PHY payload

L Bytes

CRC (uplink only)

2 Bytes

Figure 2: The frame structure for LoRa communications.

devices to improve their receivers’ sensitivity by leveraging deep

neural networks. MaLoRaGW is orthogonal and complementary to

this research line.

LoRa for Sensing. LoRa has recently shown a great potential to

enable long-range sensing applications [38, 46, 47]. In [45], Zhang

et al. proposed a LoRa-based sensing model to enable through-the-

wall human activity sensing over long (e.g., 25 m) distances. In

[37], Xie et al. proposed Sen-fence, a LoRa-based multi-antenna

and multi-gateway system, that jointly enhances the sensing range

and weakens the impact of undesired movements in the sensing

field of view using virtual beamforming techniques. In [2], Chen et

al. proposed WideSee, a contactless sensing scheme. It leverages

a LoRa transceiver mounted on a drone to enable target human

detection and localization over long ranges. MaLoRaGW does not

belong to this research area but may provide insights for future

LoRa sensing by leveraging multiple antennas.

3 MU-MIMO IN LORAWAN

3.1 A Primer of LoRa

LoRa is a wireless system that offers long-range and low-power

wireless connectivity for IoT devices. LoRaWANs are typically con-

figured to a star network topology, where a centralized gateway

serves LoRa devices in both uplink and downlink. In North America,

LoRa operates in 915 MHz frequency bands, where 64 channels of

125 kHz and 8 channels of 500 kHz are specified for upstream, and

8 channels of 500 kHz are specified for downstream. LoRa devices

support data rates ranging from 980 bps to 21.9 kbps, depending on
the channel bandwidth and the modulation spreading factor [5].

Chirp Spread Spectrum (CSS) Modulation. LoRa uses CSS

technique for data modulation. CSS is a spreading technique that

linearly sweeps the entire channel bandwidth within a symbol dura-

tion. Denote 𝑓𝑠𝑦𝑚 and 𝑓𝑠 as the symbol frequency and the sampling

frequency, respectively. Also, denote 𝑁 = 2SF as the symbol du-

ration, where SF is the spreading factor. LoRa supports spreading

factors from 6 to 12, depending on the channel bandwidth and the

required data rate. The transmitted symbol using CSS modulation

can be written as [7]:

𝑥 [𝑛] = 𝑐 [𝑛]𝑒 𝑗2𝜋
𝑓𝑠𝑦𝑚
𝑓𝑠

𝑛
, 0 ≤ 𝑛 < 𝑁, (1)
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Figure 3: The transmitted LoRa frame.

LoRaWAN
gateway

LoRa 
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Fixed 
interval

Window
1

Window
2

Figure 4: LoRa medium access protocol.

where 𝑐 [𝑛] = 𝑒 𝑗2𝜋 (
𝑛2

2𝑁 +
𝑓0
𝑓𝑠
𝑛)

is the base up-chirp signal and 𝑓0 is the
initial base up-chirp frequency. Fig. 1 shows the spectrogram of

the based chirp signal and a modulated symbol (e.g., ‘1010011101’

= 669) using CSS modulation, when SF = 10, 𝑓𝑠 = 500 kHz, and

𝑓0 = 0 kHz.

LoRa Packet Structure. Fig. 2 shows the frame structure used

in LoRa communications. The frame consists of a preamble, a syn-

chronization word, an optional PHY header and its CRC, and PHY

payload. The preamble consists of 8 up-chirp symbols, followed

by 2 more up-chirp symbols and 2.25 down-chirp symbols as the

synchronization word. The preamble and synchronization word are

used for frame extraction and synchronization purposes. The PHY

header (PHDR) and PHY header CRC (PHDR_CRC) are optional.

When used, they indicate the length of payload, the coding rate,

and the presence of CRC for payload. The PHY payload carries

MAC header and MAC data. The maximum payload size depends

on the data rate, which is determined by the spreading factor and

channel bandwidth. The LoRa packet is then modulated by CSS

modulation and transmitted over the air, as exemplified in Fig. 3.

LoRaWAN Medium Access. Fig. 4 shows the medium access

protocol for LoRa devices in a LoRaWAN. A LoRa device uses

ALOHA protocol to access the medium. It can initiate uplink trans-

missions once it wakes up and has data to send. Upon the com-

pletion of uplink transmissions, it turns to sleep for a fixed time

interval (∼1 s) and opens up two time windows for data reception.

The LoRa device receives the downlink information (e.g., ACK pack-

ets and gateway commands) within these two time windows and

turns to sleep for the rest of the time [9].

Concurrent Transmission.While LoRaWAN already supports

concurrent packet transmission in uplink [7, 22, 28, 36], it cannot

support concurrent transmission in downlink. This is because the

packets from a gateway will have the same features in time and fre-

quency domains. If a gateway adds two packets together and sends

them to two users, then the two users will decode the same packet

(the one with a stronger power) rather than their own packets.
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Figure 5: MU-MIMO transmission: (a) uplink; (b) downlink.

3.2 System Model of MU-MIMO

MU-MIMO is a key technology for OFDM-based wireless networks

such as cellular [23, 30] and Wi-Fi [12, 21] networks. It has been

widely deployed in real-world wireless communication systems and

demonstrated a significant gain of spectrum efficiency. MU-MIMO

exploits the SDoF provided by multiple antennas to separate signal

streams, making it possible for a gateway (a.k.a., access point or base

station) to support multiple concurrent data packet transmissions

in both uplink and downlink.

Uplink Transmission. Fig. 5(a) shows uplink MU-MIMO trans-

mission. Denote 𝐾 as the number of user devices and 𝑀 as the

number of antennas at the gateway. Denote Hul ∈ C
𝑀×𝐾 as the

compound uplink channel matrix. Mathematically, the received

signal at the gateway, ygw ∈ C𝑀×1, can be written as:

ygw = Hulxul + n, (2)

where xul ∈ C
𝐾×1 is the vector of transmitted signals from user

devices, and n ∈ C𝑀×1 is the additive noise vector. To decode xul,

the gateway first estimates channel matrix Hul and then uses the

estimated channel to design an equalizer for signal detection.

DownlinkTransmissions: Fig. 5(b) shows downlinkMU-MIMO

transmission. Denote Hdl ∈ C𝐾×𝑀 as the compound downlink

channel matrix. Denote P ∈ C𝑀×𝐾 as the beamforming matrix

used by the gateway. The vector of signals received by all user

device can be written as:

yud = HdlPxdl + n, (3)

where xdl ∈ C
𝐾×1 is the transmitted symbol vector at the gateway

for 𝐾 user devices, and n is noise vector at user devices. In cellular

and Wi-Fi networks, protocols have been specified for a gateway to

obtain Hdl. With the downlink channel knowledge, precoders such

as ZF (zero-forcing) and MMSE (minimum mean square error) can

be used to separate data streams for different users in the spatial

domain. Particularly, the ZF precoder is constructed by letting

HdlP = I, where I is the identity matrix. Through the transmitter-

side precoding, inter-user inference is pre-cancelled and each user

device can decode its desired signal.

3.3 Challenges and Our Approach

MU-MIMO has received a great success in cellular and Wi-Fi net-

works, and it is one of key technologies for 5G/6G networks. How-

ever, while there are some prior works on studying MIMO for

LoRaWAN, little research work has been done for the design of

MU-MIMO schemes in LoRaWAN. This stagnation underscores the

grand challenges in the realization of MU-MIMO for LoRaWAN,

which we describe as follows.

Uncoordinated Transmission in Uplink. In cellular and Wi-

Fi (e.g., 802.11ax) systems, dedicated MU-MIMO protocols have

been specified in the standards to coordinate user devices for con-

current uplink transmission. User devices’ packets are aligned in

both time and frequency when arriving at the gateway. The time

and frequency alignments make it easy for a gateway to detect the

collided packets. In addition, user devices in these systems carry

orthogonal pilots (e.g., VHT in 802.11 [19] and demodulation ref-

erence signals in LTE [6]) in their packets. The orthogonal pilots

allow a gateway to estimate the channels between itself and user

devices, which play a critical role in the detection of concurrent

packets. Unfortunately, LoRaWAN does not have such luxuries for

MU-MIMO transmissions. It uses ALOHA protocol for medium

access control, which does not support coordination among user

devices [24]. The collided packets at a gateway could be fully or

partially overlapping, and they may bear different carrier frequency

offsets and chirp timing offsets.

Channel Acquisition in Downlink. In cellular and Wi-Fi sys-

tems, protocols have been specified for channel feedback. For exam-

ple, each user involved in downlink MU-MIMO transmission will

estimate its downlink channel and report the estimated channel

(after quantization and compression) to an access point, which then

constructs precoding vectors for downlink beamforming [20]. Such

a channel sounding protocol requires cooperation from user de-

vices. However, LoRa devices are typically of low cost, low power,

and low computation. It is impractical to require LoRa devices to

estimate and report their channels. In addition, one of our design

objectives is to maintain backward compatibility with incumbent

LoRa devices. Requiring channel feedback clearly contradicts our

design objective.

Our Approach. To address the above challenges, MaLoRaGW

employs a joint design for uplink packet detection and downlink

beamforming. The joint design features PCA-based signal projec-

tion, robust channel estimation, and implicit beamforming. Differ-

ent from OFDM systems, LoRa has collision recovery capability

even if a gateway has a single antenna [11, 22, 28, 36, 39]. There-

fore, MaLoRaGW aims to enhance the collision recovery capability

of a LoRa gateway by jointly exploiting signal features in spatial,

frequency, and time domains. We note that, since LoRa is not a

single-tone frequency channel as OFDM systems, completely miti-

gating inter-user interference may not be possible. However, it is

still possible to support multiple packet transmission in practice,

thanks to the interference resilience of CSS modulation.

4 DESIGN

MaLoRaGW is an𝑀-antenna LoRa gateway to enhance its packet

detection in uplink and enable its concurrent transmission in down-

link. Fig. 6(a) shows its MAC protocol, and Fig. 6(b) shows its PHY-

layer signal processing diagram. In Fig. 6(b), the colored modules

are our new design, and the rest are LoRa’s legacy modules. The

Rx chain is to decode collided packets from multiple user devices,

while the Tx chain is to deliver data packets to the same set or a

subset of those user devices. MaLoRaGW can decode more than𝑀
collided packets in uplink by jointly leveraging the signal features
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Figure 6: Joint protocol and PHY design for MaLoRaGW to

support both uplink and downlinkMU-MIMO transmissions.

in spatial, frequency, and time domains. However, MaLoRaGW can

deliver at most 𝑀 concurrent packets in downlink, as the down-

link transmission relies solely on the spatial degrees of freedom to

separate signals.

4.1 Overview

A key component of our design is channel estimation. Prior works

on LoRa collision recovery [7, 11, 29, 33, 36, 39] exploit CSS signal

features in frequency, time, and/or power domains to decode pack-

ets, and thus do not require to have channel state information (CSI).

In contrast, CSI plays a key role in MU-MIMO transmissions. In

uplink, CSI is needed to separate strong and weak signals from their

collided packets, so that weak signal can be decoded by leveraging

its spatial features. In downlink, CSI is needed to construct pre-

coding vectors for beamforming, which is the enabler of downlink

concurrent packet transmission.

To estimate the CSI, some system imperfections must be cor-

rected first. Like other wireless communication systems, LoRa re-

ceivers suffer from carrier frequency offset (CFO) and chirp timing

offset (CTO) in their channel estimation. The frequency and timing

offsets must be corrected prior to channel estimation. To do so,

a PCA-based signal projection method is proposed for frequency

and timing offset estimation. The projection is made in the spatial

domain. It is effective to separate weak and strong signals from

collided packets, making it possible to correct CFO/CTO for both

weak and strong packets and therefore accurately estimate their

channels. The estimated channels are then used for two purposes: i)

enhance uplink packet detection and ii) construct precoding vectors

for downlink beamforming.

(a) Correlation result on ant 1. (b) Correlation result on ant 2.

(c) Correlation result after signal

projection for strong user.

(d) Correlation result after signal

projection for weak user.

Figure 7: Correlation results before and after projection.

4.2 Preamble Detection

LoRa receivers use the cross correlation between a base up-chirp

and the received signal to detect the preamble of a packet. Although

cross correlation is resilient to interference, it does not work well

when the interference is much stronger than the signal of interest.

Consider a LoRa gateway equipped with two antennas. It receives

two collided packets, which have 20 dB difference in their signal

strengths. Fig. 7(a-b) shows the cross-correlation results of the

received signals at the gateway’s antennas. It can be seen that

the cross correlation has a poor performance for the weak user as

it is significantly corrupted by the strong interference. The poor

performance of preamble detection always leads to a failure of

packet detection. In what follows, we present our treatment to this

problem.

Basic Idea. When a gateway has multiple antennas, the spatial

degrees of freedom can be leveraged to improve the performance

of preamble detection. Consider a gateway equipped with two

antennas as shown in Fig. 8(a). It receives packets from two collided

packets from two users. One user is close to gateway, while the other

is far from gateway. To detect the weak signal from the distant user,

a natural approach is to check the signal stream from each antenna

and find the best one to perform cross correlation. However, this

approach does not work well. This is because the antennas are close

to each other and tend to have similar SNR, as illustrated in Fig. 8(b).

To address this issue, we propose a spatial projection approach by

leveraging the multiple antennas on a gateway. Fig. 8(c) illustrated

the basic idea of our approach. If we can find a good spatial vector

(G in Fig. 8(c)), the projected signal on G will have similar strength

as the projected interference. The question to ask is how to find a

good projection vector G. The challenge here is that the gateway

does not have channel knowledge yet, and it must find a vector

without channel knowledge.

PCA-based Spatial Projection.MaLoRaGW employs PCA to

construct the projection vectors. While PCA is widely used to re-

duce the dimension of data, here it is used to separate strong and

weak signals so that weak signal can be detected. It works as follows.

MaLoRaGW first computes the covariance matrix of the received

signal streams by Ryy =
∑
𝑖 ygw (𝑖)ygw (𝑖)

H ∈ C𝑀×𝑀 , where 𝑖 is

signal sample index. Then, it performs [Q,Λ,Q−1] = svd(Ryy),
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Figure 8: Illustration of spatial projection for collided packets. (a) A case of collided packet; (b) signal strengths on two antennas;

(c) signal projection.

where svd(·) is the singular value decomposition (SVD) operator,

and Λ ∈ R𝑀×𝑀 is a diagonal matrix carrying the singular values

of Ryy in non-increasing order. The columns in Q represent the sin-

gular vector of Ryy. If the number of gateway’s antennas is greater

than that of collided packets,Q can be further divided to a signaling

subspace Q𝑠 ∈ C𝑀×𝐾 and a null subspace Q𝑛 ∈ C𝑀×(𝑀−𝐾 ) , i.e.,

Q = [Q𝑠 |Q𝑛]. The principal components of received signals can be

calculated as: y𝑝 = QH
𝑠 ygw, where y𝑝 is projected signals.

The signal space includes the basis corresponding to non-zero

eigenvalues, which is highly correlated withHUL. We use the signal

space to project the received signal into the signals’ direction to

strengthen the desired signal SNR and reduce the interference signal.

Mathematically, the projected signal for each user can be expressed

as: y𝑝 = qH𝑠 ygw, where q𝑠 is a column of Q𝑠 and it is the signal

basis corresponding to the user.

To see the effectiveness of the projection, let us reconsider the

example presented in Fig. 7(a-b). We compute SVD on the received

signals and then perform cross correlation on the primary compo-

nents of the received signals. Fig. 7(c-d) shows the cross correlation

results. It can be seen that the correlation peak is significant, indi-

cating that the weak signal can be successfully detected.

Preamble Search. After signal projection, MaLoRaGW per-

forms cross correlation between the base up-chirp symbol and the

primary components of received signals (i.e., y𝑝 ). It searches for

the beginning of the preamble by solving the following problem:

𝜁 = argmax
𝜁

𝐿∑
𝑙=1

�����
𝑁−1∑
𝑛=0

𝑦𝑝 [𝑛 + 𝜁 + 𝑙𝑁 ]𝑐−1 [𝑛]

����� , (4)

where 𝐿 = 8 is the number of base up-chirps in LoRa preamble, and

𝑐 [𝑛] is the base up-chirp signal.

4.3 Channel Estimation

Consider a point-to-point LoRa communication link, where both

transmitter and receiver are equipped with a single antenna. Denote

ℎ as the channel between the transmitter and the receiver. Assume

that LoRa signal experiences a flat fading channel when traversing

from the transmitter to the receiver. This is true in most cases as

the LoRa signal has a narrow bandwidth (i.e., ≤ 500 kHz) [7]. If

the transmitter and receiver are perfectly synchronized in time and

frequency and noise is negligible, then the received chirp can be

written as:

𝑦 [𝑛] = ℎ · 𝑐 [𝑛]𝑒
𝑗2𝜋

𝑓𝑠𝑦𝑚
𝑓𝑠

𝑛
, for 0 ≤ 𝑛 < 𝑁, (5)

where 𝑓𝑠𝑦𝑚 and 𝑓𝑠 are the symbol frequency and sampling fre-

quency, respectively.

By demodulating the received chirp and applying FFT to the

demodulated signals, the channel can be estimated as:

ℎ̂ = ℎ[𝑚 =
𝑓𝑠𝑦𝑚

𝑓𝑠
] =

1

𝑁

𝑁−1∑
𝑛=0

𝑐−1 [𝑛]𝑦 [𝑛]𝑒− 𝑗2𝜋
𝑚𝑛
𝑁 . (6)

However, estimating channel in LoRa is not that simple. Like

other communication systems, LoRa receivers suffer from CFO and

CTO, which must be estimated and corrected in order to estimate

channel coefficients. In what follows, we focus on the estimation

of CFO and CTO of chirps.

4.3.1 Carrier Frequency Offset (CFO). CFO is mainly caused by the

frequency mismatch between transmitter and receiver. Denote Δ𝑓
as the CFO between transmitter and receiver. Mathematically, the

𝑙th received chirp at the gateway in the presence of CFO can be

expressed as:

𝑦𝑙 [𝑛] = ℎ𝑒
𝑗2𝜋

Δ𝑓
𝑓𝑠
𝑙𝑁
𝑐 [𝑛]𝑒

𝑗2𝜋
𝑓𝑠𝑦𝑚+Δ𝑓

𝑓𝑠
𝑛
, (7)

for 0 ≤ 𝑛 < 𝑁 and 0 ≤ 𝑙 < 𝐿, where 𝐿 here denotes the total

number of chirps in one frame. Then, the channel estimation in (6)

can be rewritten as:

ℎ̂ = ℎ[𝑚 =
𝑓𝑠𝑦𝑚 + Δ𝑓

𝑓𝑠
] =

1

𝑁
𝑒
− 𝑗2𝜋

Δ𝑓
𝑓𝑠
𝑙𝑁

𝑁−1∑
𝑛=0

𝑐−1 [𝑛]𝑦𝑙 [𝑛]𝑒
− 𝑗2𝜋𝑚𝑛

𝑁 ,

(8)

for 0 ≤ 𝑙 < 𝐿. From (8), it can be seen that the CFO induces a phase

shift to the received chirps. This phase shift changes linearly over

the consecutive received chirps. Fig. 9(a) shows the measured phase

of the decoded preamble chirps when the CFO between transmitter

and receiver is 0kHz, 5kHz, and 10kHz. It can be seen that the

unwrapped phase indeed increases linearly with the chirp index.

Based on (8), we present a two-step approach to estimate the CFO.

Coarse CFO Correction.We take advantage of up-chirp and

down-chirp in LoRa frame to estimate the CFO. We first measure

the frequencies of preamble up-chirp symbols and synchroniza-

tion down-chirp symbols in the received signal, and then use the
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Figure 9: The measured phases of the decoded preamble

chirps in practice.

measured symbol frequencies to infer the CFO. Nevertheless, the

inference is not straightforward because the measured symbol fre-

quencies may be caused by CFO, CTO, or both. Fortunately, the CFO

and CTO have different impacts on the measured symbol frequen-

cies. Specifically, a positive CFO will result in a positive frequency

shift on both up-chirp and down-chirp symbols, while a positive

CTO will cause a positive frequency shift on up-chirp symbols and

a negative frequency shift on down-chirp symbols. This difference

makes it possible to infer the CFO based on the measured (up-chirp

and down-chirp) symbol frequencies. Based on this observation,

we estimate the CFO as follows:

Δ𝑓 𝑐𝑜𝑎𝑟𝑠𝑒 =
1

2

( 1
8

8∑
𝑙=1

𝑧
up
𝑙

+
1

2

2∑
𝑙=1

𝑧dw𝑙

)
, (9)

where 𝑧
up
𝑙

is the measured frequency of the 𝑙th up-chirp symbol in

preamble, and 𝑧dw
𝑙

is the measured frequency of the 𝑙th down-chirp

symbol in synchronization word. Once Δ𝑓𝑐𝑜𝑎𝑟𝑠𝑒 is calculated, the

estimated channel is updated as follows: ℎ̂𝑙 ← ℎ̂𝑙 · 𝑒
𝑗2𝜋

Δ𝑓𝑐𝑜𝑎𝑟𝑠𝑒
𝑓 𝑠 𝑙𝑁

for 0 ≤ 𝑙 < 𝐿.
Fine CFO Correction. The CFO estimated in (9) is not accurate

enough. Although the residual CFO is small, it leads to a phase

shift accumulated over preamble symbols. This phase shift will

degrade uplink packet detection and downlink beamforming. To

estimate the residual CFO, we search a narrow frequency offset

range (e.g., −10 Hz to 10 Hz) and find the frequency offset, Δ𝑓𝑓 𝑖𝑛𝑒 ,
that minimizes the phase variance of estimated channels over pre-

amble symbols. Denote 𝜙𝑙 = ∠
(
ℎ̂𝑙 · 𝑒

𝑗2𝜋
Δ𝑓
𝑓𝑠
𝑙𝑁 )

as the phase of the

estimated channel coefficient for the 𝑙th preamble up-chirp symbol.

Then, the residual CFO is calculated by:

Δ𝑓𝑓 𝑖𝑛𝑒 = argmin
Δ𝑓

𝜎2Φ , (10)

where 𝜎2Φ is the variance of the phase vector Φ = [𝜙1, 𝜙2, . . . , 𝜙𝐿].

4.3.2 Chirp Timing Offset (CTO). CTO refers to the timing mis-

alignment between the received chirps and the applied demodula-

tion (dechirp) window. Denote 𝛿 as CTO. Then, the demodulated

chirp can be written as:

𝑐−1 [𝑛 − 𝛿]𝑦 [𝑛] = ℎ · 𝑒− 𝑗2𝜋𝜙𝑒
𝑗2𝜋 (

𝑓𝑠𝑦𝑚
𝑓𝑠

+ 𝛿
𝑁 )𝑛

, (11)
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Figure 10: Illustrating the decoding algorithm for MaLoR-

aGW in uplink.

for 𝛿 ≤ 𝑛 < 𝑁 + 𝛿 , where 𝜙 = 𝛿2

2𝑁 −
𝑓0
𝑓𝑠
𝛿 . Then, the estimated

channel (6) can be re-written as:

ℎ̂ = ℎ[𝑚 =
𝑓𝑠𝑦𝑚

𝑓𝑠
+
𝛿

𝑁
] =

1

𝑁
𝑒 𝑗2𝜋𝜙

𝑁−1∑
𝑛=0

𝑐−1 [𝑛 − 𝛿]𝑦 [𝑛]𝑒− 𝑗2𝜋
𝑚𝑛
𝑁 .

(12)

From (12), it can be seen that the CTO introduces an additional

phase shift 𝜙 to the observed channel. This phase shift is constant

for all chirps in preamble and can be inferred based on 𝛿 . Fig. 9
shows the measured phase of the demodulated preamble chirps,

when 𝛿 = 0, 𝛿 = 10, and 𝛿 = 50. Fortunately, as explained before,

the CTO can be estimated by:

𝛿 =
𝑁

2𝑓𝑠
·
( 1
8

8∑
𝑙=1

𝑧
up
𝑙

−
1

2

2∑
𝑙=1

𝑧dw𝑙

)
. (13)

Based on the estimated CTO, the channel phase shift caused by

CTO can be calculated by: 𝜙 = 𝛿2

2𝑁 −
𝑓0
𝑓𝑠
𝛿 , which is then used to

correct the estimated channel.

4.3.3 Channel Estimation for Collided Packets. While the above

channel estimation was presented for a LoRa receiver when decod-

ing an interference-free (collision-free) packet, it can be extended to

the case where packets collide. When the desired preamble symbols

are interfered by the symbols of other packets, MaLoRaGW traces

the frequency of decoded symbols within the first 10 demodulation

windows and identifies the peaks associated with the desired pre-

amble symbols. To do so, MaLoRaGW first uses a low pass filter

to mitigate the frequency components of undesired symbols. The

rationale behind this operation is that, after frame synchronization,

the frequencies of the desired preamble symbols are around zero.

Yet, the output of low-pass filter may still include the low frequency

components of interfering chirps. MaLoRaGW then uses a maxi-

mum likelihood method to search for the frequency peaks with the

highest correlation value. This operation is based on the fact that

the frequency shift caused by CFO and CTO is almost identical for

the same user but different for different users. After identifying the

frequencies of the desired preamble symbols, the above channel

estimation method is applied to estimate the channel between the

gateway’s each antenna and the user device.

4.4 Decoding Algorithm

Our decoding algorithm comprises the following steps: spatial sig-

nal projection, chirp demodulation and FFT operation, and peak

clustering. Fig. 10 shows an example of our decoding diagram. In

what follows, we explain them in detail.
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Figure 11: Illustration of demodulating collided chirps that

are misaligned in time.

Spatial Signal Projection. The purpose of spatial signal pro-

jection is to alleviate the near-far effect so as to improve the signal

detection accuracy. Here, we use ZF as the projection method. De-

note 𝐾 ′ = min(𝐾,𝑀), where 𝐾 is the number of LoRa devices,

and 𝑀 is the number of gateway’s antennas. We select 𝐾 ′ out of

𝐾 LoRa devices based on the strength of their estimated channel

coefficients. Denote Hul ∈ C
𝑀×𝐾 ′

as the estimated uplink channel

matrix for those selected 𝐾 ′ LoRa devices. Then, we construct the

ZF projection matrix by letting U = (HH
ul
Hul)

−1HH
ul
, where (·)H is

conjugate transpose operator, and apply it to the signal streams.

The ZF projection will reduce inter-user interference. Consider

Fig. 10 for example. The gateway receives strong signals from A

and B and weak signals from C and D. It constructs the ZF matrix

using A’s and B’s channel coefficients. This ZF matrix will mitigate

the signal from A for stream 1 and mitigate the signal from B for

stream 2, making it easier to decode weak signals from C and D.

FFT Peak Clustering. After chirp demodulation and FFT oper-

ations, the FFT outputs will have multiple amplitude peaks in the

demodulation window. These peaks may correspond to different

LoRa devices and their different chirps (due to the lack of inter-user

synchronization). It is critical to identify each FFT peak and find

out its corresponding source device and corresponding chirp. To do

so, we jointly exploit two features of each FFT peak for decoding

collided packets: Time and frequency offsets and channel ratio.

i) Time and frequency offsets: All chirps from the same LoRa

device have a unique fractional frequency offset [7], which can be

used to identify an FFT peak’s source device. For each of the output

streams, MaLoRaGW exploits the frequency and time features of

each FFT peak to disentangle collided packets. Specifically, MaL-

oRaGW first identifies the FFT peaks in consecutive demodulation

windows and then removes those peaks with the same frequency in

two consecutive demodulation windows. The rationale behind this

operation is twofold. First, the chirps from different LoRa devices

are very likely misaligned in time. Second, when an interfering

chirp is misaligned with the demodulation window, its energy is

proportionally split over two consecutive demodulation windows;

however, its frequencies will be the same in the two demodulation

windows. Fig. 11 illustrates the use of time and frequency features

of CSS chirps to disentangle collided packets. In this example, the

chirp signals from the two LoRa devices are misaligned in time.

When the demodulation window is aligned with the chirps from the

first LoRa device, it misaligns with the chirps from the second LoRa

device. A misaligned chirp will generate two peaks of the same

frequency in two consecutive demodulation windows. Based on

this observation, MaLoRaGW searches for the peaks of the same fre-

quency in consecutive demodulation windows and removes those

peaks before decoding the aligned chirps.

ii) Channel ratio: In addition to the fractional frequency offset,

MaLoRaGW also uses the channel ratio as another feature for the

classification and clustering of FFT peaks. Denote [𝑥1, 𝑥2, . . . , 𝑥𝑀 ]

as an FFT peak observed from the𝑀 signal streams at the gateway,

where𝑀 is the number of its antennas. Then, [1, 𝑥2𝑥1 , . . . ,
𝑥𝑀
𝑥1

] rep-

resents the vector of channel ratios over the gateway’s𝑀 antennas,

which is relatively independent of the data bit, chirp misalignment,

CFO, CTO, etc. Therefore, MaLoRaGW uses this vector as another

feature to classify the FFT peaks. We note that this feature is similar

to that in [35], where phase difference is used for peak classification

instead of channel ratio.

Decoding Collided Packets. Once the FFT peaks are classified

and clustered, it is straightforward for MaLoRaGW to decode the

collided packets.

4.5 Downlink Beamforming

In this subsection, we present our approach for downlink beam-

forming. It comprises three steps: i) select a subset of LoRa devices

for downlink MU-MIMO transmission; ii) infer downlink channels

between the gateway and the selected LoRa devices; iii) precode

baseband signals at the gateway. In what follows, we present them

in detail.

User Selection.While an𝑀-antenna gateway can decode more

than𝑀 collided uplink packets, it can send at most𝑀 concurrent

packets to user devices in downlink. If more than𝑀 user devices are

involved in the uplink transmission, how to select a subset of user

devices for downlink MU-MIMO transmission is an open problem.

This problem is not in the scope of this work and will be studied

in future. Here, MaLoRaGW simply selects the 𝐾 ′ = min(𝐾,𝑀)

LoRa devices with strongest uplink signal strength for downlink

MU-MIMO transmission.

Downlink Channel Inference. Another question we need to

address is the difference between uplink and downlink channels.

What we have is uplink channel (i.e.,Hul); what we need is downlink

channel (i.e.,Hdl). In what follows, we use a small case where𝐾 ′ = 2

and𝑀 = 2 to illustrate our approach for the inference of downlink

channel. But our approach is generic and can apply to a general

case where 𝐾 ′ ≤ 𝑀 .

Referring to Fig. 12(a), at awireless receiver, the observed/estimated

channel coefficient comprises transmitter’s RF response, over-the-

air response, and receiver’s RF response. At the gateway, the ob-

served/estimated uplink channel Hul can be written as:

Hul =

[
𝑅
grx
1 𝑅ota11 𝑅

ltx
1 𝑅

grx
1 𝑅ota12 𝑅

ltx
2

𝑅
grx
2 𝑅ota21 𝑅

ltx
1 𝑅

grx
2 𝑅ota22 𝑅

ltx
2

]
=

[
𝑅
grx
1 0

0 𝑅
grx
2

] [
𝑅ota11 𝑅ota12
𝑅ota21 𝑅ota22

] [
𝑅ltx1 0

0 𝑅ltx2

]
, (14)

where 𝑅 denotes response and its superscript/subscript denotes

the corresponding device. Specifically, ‘g’ and ‘l’ in its superscript
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Figure 12: (a) Illustrating the relation between uplink and

downlink channel in a two-user MIMO case. (b) Illustrating

RF calibration at gateway.

represent gateway and LoRa device, respectively; ‘tx’ and ‘rx’ repre-

sent transmitter and receiver, respectively; numbers in its subscript

represent either gateway’s antenna index or LoRa device index.

Superscript ‘ota’ represents the corresponding over-the-air channel

response.

While the compound uplink and downlink channels are not recip-

rocal, their over-the-air components are identical in the coherence

time. Therefore, we have

Hdl =

[
𝑅lrx1 𝑅ota11 𝑅

gtx
1 𝑅lrx1 𝑅ota21 𝑅

gtx
2

𝑅lrx2 𝑅ota12 𝑅
gtx
1 𝑅lrx2 𝑅ota22 𝑅

gtx
2

]

=

[
𝑅lrx1 0

0 𝑅lrx2

] [
𝑅ota11 𝑅ota12
𝑅ota21 𝑅ota22

]	 [
𝑅
gtx
1 0

0 𝑅
gtx
2

]
. (15)

Based (14) and (15), we have:

Hdl =

⎡⎢⎢⎢⎢⎢⎣
𝑅lrx
1

𝑅ltx
1

0

0
𝑅lrx
2

𝑅ltx
2

⎤⎥⎥⎥⎥⎥⎦ H
	
ul

⎡⎢⎢⎢⎢⎢⎣
𝑅
gtx
1

𝑅
grx
1

0

0
𝑅
gtx
2

𝑅
grx
2

⎤⎥⎥⎥⎥⎥⎦
=
𝑅lrx1 𝑅

gtx
1

𝑅ltx1 𝑅
grx
1︸����︷︷����︸

(𝑎)

⎡⎢⎢⎢⎢⎣
1 0

0
𝑅lrx
2 𝑅

ltx
1

𝑅ltx
2 𝑅

lrx
1

⎤⎥⎥⎥⎥⎦︸��������������︷︷��������������︸
(𝑏 )

H	
ul

⎡⎢⎢⎢⎢⎣
1 0

0
𝑅
grx
1 𝑅

gtx
2

𝑅
gtx
1 𝑅

grx
2

⎤⎥⎥⎥⎥⎦︸���������������︷︷���������������︸
(𝑐 )

. (16)

In (16), part (a) is a complex scale, which changes the signal

strength for both LoRa devices. Part (b) is a diagonal matrix, which

changes the signal strength difference between two devices. There-

fore, both parts (a) and (b) do not change the signal beamforming

directions and thus can be ignored in the beamforming process.

Now, the question is how to find unknowns in part (c). To address

this question, we propose an RF calibration scheme for the gateway,

as shown in Fig. 12(b). The gateway first uses its first antenna to

send a signal to its second antenna; denote the observed channel

as ℎ1→2. Then, it uses its second antenna to send a signal to its

first antenna; denote the observed channel as ℎ2→1. Then, we have
ℎ2→1
ℎ1→2

=
𝑅
grx
1 𝑅ota𝑅

gtx
2

𝑅
grx
2 𝑅ota𝑅

gtx
1

=
𝑅
grx
1 𝑅

gtx
2

𝑅
gtx
1 𝑅

grx
2

. Therefore, we have

H̃dl � H	
ul

⎡⎢⎢⎢⎢⎣
1 0

0
𝑅
grx
1 𝑅

gtx
2

𝑅
gtx
1 𝑅

grx
2

⎤⎥⎥⎥⎥⎦ = H	
ul

[
1 0

0 ℎ2→1
ℎ1→2

]
, (17)

where � indicates the ignorance of parts (a) and (b) in (16).

Eq. (17) shows our approach for gateway’s RF calibration. It can

be easily extended to a generic case. We have two remarks based

on our experiments. First, the RF calibration can be done by the

LoRa 
device 1

LoRa 
device 2 LoRa gateway

h11

h12

h21

h22

s1

s2

p11

p21

p12
p22

Precoding 
operations

Figure 13: Downlink beamforming operation for downlink

MU-MIMO transmission.

(b)(a)

Figure 14: (a) LoRaWAN gateway; (b) LoRa user devices.

gateway in a standalone mode. Second,
𝑅
grx
1 𝑅

gtx
2

𝑅
gtx
1 𝑅

grx
2

is stable over time

and only need to calibrate at a low frequency.

Precoding for Downlink MU-MIMO Transmission. The

purpose of precoding is to separate the signal streams in the over-

the-air channel so that each LoRa device only receives its intended

signal. Fig. 13 illustrates the precoding operation at the gateway in

a toy-sized network. Recall that Hdl ∈ C𝐾
′×𝑀 is the real downlink

channel and H̃dl ∈ C𝐾
′×𝑀 is the inferred downlink channel. Then,

the zero-forcing precoder can be computed as follows:

P = (H̃H
dlH̃dl)

−1H̃H
dl . (18)

Denote s = [𝑠1, 𝑠2, . . . , 𝑠𝐾 ′ ]	 as the baseband signals of data

packets that the gateway wants to deliver to the 𝐾 ′ LoRa devices.

Then, the precoding operation can be expressed as Ps. It can be

verified that HdlP is a diagonal matrix. This means that P can pre-

cancel inter-user interference in downlink MU-MIMO transmission.

5 EXPERIMENTAL EVALUATION

In this section, we build a prototype of two-antenna MaLoRaGW

and evaluate its performance with off-the-shelf LoRa devices in

realistic wireless environments.

5.1 Implementation

Two-Antenna MaLoRaGW. We implement MaLoRaGW on a

USRP X310, which has two antennas for transmission and reception.

Fig. 14(a) shows the hardware for MaLoRaGW. We implemented

the proposed PHY-layer design and MAC-layer design (see Fig. 6)

on a laptop in C++ using GNU Radio OOT modules. The transmit

power of USRP X310’s each RF channel is set to 16 dBm, and the

carrier frequency is set to 900 MHz. The spreading factor is set

to 10. Three channel bandwidths, 125 kHz, 250 kHz, and 500 kHz,

are used to study their impacts on uplink detection and downlink

beamforming. The sampling rate is 1 MSps.
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(a) Lab (b) Building (c) Campus

Figure 15: Experimental evaluation scenarios.
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(a) The received signal on first gateway’s antenna
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(b) The received signal on second gateway’s antenna

Figure 16: Spectrogram of received signals at MaLoRaGW

when two LoRa devices concurrently transmit their packets.

LoRa Devices. We use HELTEC ESP32 wireless modules (de-

veloped upon LoRa SX1276 chipset) shown in Fig. 14(b) as LoRa

user devices. HELTEC ESP32 has an omni-directional antenna with

3 dBi gain. The receiver sensitivity of the board is -140 dBm, and

its maximum transmit power is 20 dBm. We use open-source Ar-

duino software to drive the modules and set the communication

parameters. Particularly, we configure the modules to continuously

transmit their uplink packets. The modules send their packets in-

dependently without timing synchronization. We assign a unique

word to each module. The word has 30 symbols, which are mod-

ulated by CSS with 10 SF. In downlink, the gateway concurrently

transmits two independent packet streams to two selected LoRa

modules. Each LoRa module measures its RSSI, counts the number

of packets that are matched with its unique word, calculates the

packet error rate (PER), and prints out the results on screen as

shown in Fig. 14(b).

5.2 Experimental Setup, Metrics, and Baselines

We evaluated the performance of MaLoRaGW in three different

scenarios: lab, office building, and university campus, as shown in

Fig. 15. The gateway is placed at the spot marked by a red square

in each scenario, while user devices are at some spots marked with

solid dots. Particularly, Fig. 15(c) marks out the boundary of our

test area using a yellow curve.

The following metrics will be used to evaluate the performance

of MaLoRaGW: Received signal strength indicator (RSSI) in dBm,
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(a) The received signal by LoRa device #1
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(b) The received signal by LoRa device #2

Figure 17: Spectrogram of received signals at two LoRa user

devices when concurrently served by MaLoRaGW in down-

link.

PER, and network throughput in kbps. Four existing LoRa gateway

designs will be used as a comparison baseline to evaluate the perfor-

mance of MaLoRaGW’s uplink: conventional LoRa gateway, Choir

[7], FTrack [36], and PCube [35]. We note that no prior work has

considered concurrent downlink transmission. So we use a conven-

tional LoRa gateway as the comparison baseline for MaLoRaGW’s

downlink transmission.

5.3 A Case Study

To understand howMaLoRaGWworks, we consider a case study by

placing MaLoRaGW and two LoRa devices in the building scenario

shown in Fig. 15(b). The two LoRa devices are placed at the spots

marked by blue circles. Only for this case, we use two USRP N210

devices as two LoRa devices. This is because off-the-shelf LoRa

devices are a closed system and do not provide detailed information.

Using N210 allows us to examine the received signals and other

PHY-layer parameters.

Uplink Performance. In the uplink, the two LoRa devices con-

currently transmit their packets to MaLoRaGW. Fig. 16 plots the

spectrogram of the collided signals at MaLoRaGW’s two antennas.

It can be clearly seen that two packet collision occurs. MaLoR-

aGW performs PCA-based synchronization, channel estimation,

and packet decoding. The estimated CFO values are 2734 Hz and

-3284 Hz for two LoRa users. The measured CTO values after pre-

amble detection and frame extractions are 5.2 𝜇s and 2.4 𝜇s for
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Figure 18: Uplink performance: (a) The PER performance when MaLoRaGW decodes two collided packets and a conventional

LoRa gateway decodes a collision-free packet; (b) The throughput comparison between MaLoRaGW and a conventional LoRa

gateway; (c) The PER performance comparison between MaLoRaGW and prior work; (d) The throughput comparison between

MaLoRaGW and prior work.
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Figure 19: (a) The amplitude and phase of four channel coeffi-

cients estimated at MaLoRaGW over 40 consecutive packets;

(b) The I/Q scatters of the four estimated channel coefficients.

the received signals from two devices. MaLoRaGW successfully

decodes the two collided packets. The measured PER is zero for

both users, and the uplink throughput is 4.9 kbps.

Downlink Performance. After decoding the uplink packets,

MaLoRaGW takes advantage of the channels estimated in uplink to

perform beamforming for downlink transmission. Two independent

packet streams are sent to those two LoRa devices (USRP N210 in

this case). Fig. 17 plots the received signals by the two LoRa devices

in downlink. While the desired signal pattern is very clear in the

figure, a trace of inter-user interference can be seen alongside the

desired signal at both devices. The interference can be attributed

to the channel estimation error, calibration error, and other circuit

imperfections. As it can be seen in the figure, the interference is

much weaker than the desired signal.

Accuracy of Estimated Channels. Since the channel informa-

tion is critical for downlink beamforming, it would be interesting

to quantify the accuracy of the channel coefficients estimated in

uplink. Unfortunately, this is impossible because the ground truth

of channel coefficients is unknown. To circumvent this challenge,

we measure the stability of the measured channel coefficients over

a short period of time. Fig. 19 presents our experimental results. It

shows the four channel coefficients measured from 40 consecutive

packets (spanning over 5 seconds) in both temporal and I/Q do-

mains. We can see that the channel coefficients remain stable over

time. This indirectly shows the accuracy of our channel estimation

method. Another fact that shows the channel estimation accuracy is

the successful packet decoding at two LoRa devices. If the estimated

channel coefficients were not accurate, the two LoRa devices would

not be capable of decoding their own packets.

5.4 Uplink Performance

MaLoRaGW vs. Single-User LoRa Gateway. We compare the

following two cases to quantify the performance of MaLoRaGW

in uplink: i) MaLoRaGW is equipped with two antennas, and it

decodes two collided packets from two uncoordinated COTS LoRa

devices placed in all spots in Fig. 15. ii) A conventional LoRa gateway

is equipped with one antenna. It decodes packets from only one

active COTS LoRa device placed over all spots in Fig. 15. There is

no collision in this case.

Fig. 18(a) presents the measured PER of MaLoRaGW and that

of the single-user LoRa gateway. The mean measured PER at MaL-

oRaGW is 0.7% in lab, 2.6% in building, and 5.1% on campus. The

mean measured PER at the single-user LoRa gateway is 0.5% in lab,

1.9% in building, and 4.4% on campus. The performance difference

between MaLoRaGW and single-user LoRa gateway is 0.3% in lab,

0.7% in building, and 0.7% on campus. The experimental results

indicate that a two-antenna LoRa gateway can double the number

of serving users compared to a single-antenna LoRa gateway.

Fig. 18(b) plots the total uplink throughput achieved by MaL-

oRaGW and the single-user LoRa gateway. The average uplink

throughput achieved by MaLoRaGW is 4.9 kbps in lab, 4.8 kbps in

building, and 4.6 kbps on campus. In contrast, the average uplink

throughput achieved by the conventional single-user gateway is

2.4 kbps in lab, 2.4 kbps in building, and 2.3 kbps on campus. The re-

sults reveal that MaLoRaGW almost doubles the uplink throughput

compared to a one-antenna LoRa gateway working in non-collision

mode.

MaLoRaGW vs. Existing Schemes. Above we studied the per-

formance of MaLoRaGW when it decodes two collided packets. We

increase the number of packets in collision to see how MaLoRaGW

performs. To do so, we place 𝐾 LoRa dongles (see Fig. 14(b)) at 𝐾
different spots in Fig. 15, where 3 ≤ 𝐾 ≤ 6. The 𝐾 LoRa dongles are

configured to transmit their unique words (packets) to the gateway

simultaneously and independently. We repeat the above measure-

ment many times to cover all those marked spots in Fig. 15. We

compare MaLoRaGW against Choir [7], FTrack [36] and PCube

[35]. Choir and FTrack have one antenna on their gateways, while

MaLoRaGW and PCube have two antennas on their gateways.
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Figure 20: The PER performance of MaLoRaGW in uplink

when different spreading factors are used.

Fig. 18(c) shows themeasured PER ofMaLoRaGW, PCube, FTrack,

and Choir when the 𝐾 LoRa dongles simultaneously send their

packets to the gateway in the campus scenario. For MaLoRaGW,

its average PER is 7.9% when 𝐾 = 3, 9.6% when 𝐾 = 4, 13.8% when

𝐾 = 5, and 14.4% when 𝐾 = 6. For PCube, its average PER is 14.3%

when 𝐾 = 3, 19.0% when 𝐾 = 4, 19.8% when 𝐾 = 5, and 23.1% when

𝐾 = 6. For FTrack, its average PER is 17.1% when𝐾 = 3, 22.9% when

𝐾 = 4, 23.0% when 𝐾 = 5, and 24.8% when 𝐾 = 6. For Choir, its

average PER is 27.3% when 𝐾 = 3, 36.9% when 𝐾 = 4, 46.3% when

𝐾 = 5, and 53.5% when 𝐾 = 6. On average, MaLoRaGW reduces

the average PER by 40.5% compared to PCube, 48.4% compared to

FTrack, and 72.0% compared to Choir.

Fig. 18(d) plots the average uplink throughput achieved by MaL-

oRaGW, PCube, FTrack, and Choir when 𝐾 ranges from 3 to 6.

Specifically, the average uplink throughput achieved by MaLoR-

aGW is 6.7 kbps when 𝐾 = 3, 8.8 kbps when 𝐾 = 4, 10.4 kbps when

𝐾 = 5, and 12.6 kbps when 𝐾 = 6. The average uplink throughput

achieved by PCube is 6.2 kbps when 𝐾 = 3, 7.8 kbps when 𝐾 = 4,

9.7 kbps when𝐾 = 5, and 11.2 kbps when𝐾 = 6. The average uplink

throughput achieved by FTrack is 6.1 kbps when 𝐾 = 3, 7.5 kbps

when 𝐾 = 4, 9.4 kbps when 𝐾 = 5, and 11.0 kbps when 𝐾 = 6.

The average uplink throughput achieved by Choir is 5.3 kbps when

𝐾 = 3, 6.2 kbps when 𝐾 = 4, 6.6 kbps when 𝐾 = 5, and 6.8 kbps

when 𝐾 = 6. On average, MaLoRaGW has 10.8% throughput gain

compared to PCube, 13.5% throughput gain compared to FTrack

and 53.4% throughput gain compared to Choir. The throughput gain

over Choir and FTrack is from the gateway’s multiple antennas,

which allow us to exploit the spatial feature (channel ratio) for

resolving packet collision. We believe the throughput gain over

PCube is mainly from the spatial signal projection operation, which

reduces the near-far effect of collided packets and thus improves

the packet decoding probability.

Impact of Spreading Factor (SF). We now evaluate the PER

performance ofMaLoRaGWwhen two LoRa devices simultaneously

send their packets using three different SF values, namely, 6, 8, and

10. Fig. 20 presents the PERmeasured atMaLoRaGW.When SF is set

to 6, the average PER measured at MaLoRaGW is 1.3% in lab, 3.0%

in building, and 6.3% in campus. When SF is set to 8, The average

PER measured at MaLoRaGW is 1.1% in lab, 2.6% in building, and

6.2% in campus. When SF is set to 10, the average PER measured

at MaLoRaGW is 0.7% in lab, 2.6% in building, and 5.1% in campus.

As expected, PER decreases as SF increases. This is intuitive, as a

larger SF brings a higher spreading gain for packet detection.
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Figure 21: Measured RSSI at two LoRa dongles when they are

concurrently served by MaLoRaGW in downlink.

5.5 Downlink Performance

Prior work does not support concurrent downlink transmission in

LoRaWANs. Actually, concurrent downlink transmission has not

been studied in the literature. We therefore compare MaLoRaGW

with a conventional LoRa gateway in downlink, where MaLoRaGW

is equipped with two antennas and the conventional LoRa gateway

with one antenna. We wish to see the performance gain that can

be obtained by adding one more antenna on a LoRa gateway.

In the experiments, we first trigger two LoRa dongles for con-

current uplink transmission. MaLoRaGW estimates their channels

and decodes their packets. It then performs beamforming for down-

link MU-MIMO transmission. Surprisingly, the channels remain

coherent for a pretty long time (e.g., 5 seconds without Tx, Rx, and

surrounding movement) in most cases. In the following results, the

overhead of gateway’s RF calibration was not considered as it only

needs to be done at a low frequency.

Measured RSSI. Fig. 21 shows the measured RSSIs displayed

by the two LoRa dongles’ screen (see Fig. 14(b)) in downlink MU-

MIMO transmission when those two LoRa dongles were placed at

the locations marked in Fig. 15. The average RSSI value is -62.9 dBm

in lab scenario, -107.6 dBm in building scenario, and -122.9 dBm

in campus scenario. Per LoRa dongle’s manual, the chip’s receiver

sensitivity is -140 dBm. It means that the LoRa dongles should be

able to decode most of their packets. This inference is consistent

with our experimental observation.

PER. In this measurement, MaLoRaGW performs downlink MU-

MIMO transmission with two LoRa dongles, while the conventional

LoRa gateway performs downlink transmission with a single LoRa

dongle. Both gateways send 1000 packets to their dongles, and the

LoRa dongles report the number of packets being successfully de-

coded. We then calculate their PER and throughput. Fig. 22(a) plots

the PER performance of LoRa dongles when served by MaLoRaGW

and the conventional LoRa gateway in those three scenarios. When

served by MaLoRaGW, the average PER of LoRa dongles is 1.0% in

lab scenario, 2.6% in building scenario, and 5.4% in campus scenario.

In contrast, when served by the conventional LoRa gateway, the

average PER at the LoRa dongle is 0.4% in lab, 1.8% in building, and

4.7% in campus scenario. Numerically, the PER difference between

MaLoRaGW and a conventional LoRa gateway is less than 1% (0.6%

in lab, 0.8% in building, and 0.7% in campus). This indicates that,

from LoRa users’ perspective, employing MU-MIMO at a gateway

only slightly degrades their performance. This also indicates that

employing MU-MIMO at a gateway is transparent to LoRa users.
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Figure 22: Downlink performance: (a) Measured PER at LoRa dongles when they are served by MaLoRaGW (using MU-MIMO)

and a conventional LoRa gateway; (b) The throughput comparison between MaLoRaGW and a conventional LoRa gateway; (c)

The PER performance of MaLoRaGW when different spreading factors (SF) are used; (d) The PER performance of MaLoRaGW

when different bandwidth is used.

Throughput. Fig. 22(b) shows the downlink throughput of MaL-

oRaGW and its conventional counterpart. The achievable network

throughput in the downlink by the proposed MU-MIMO scheme

The throughput achieved by MaLoRaGW is 4.7 kbps in lab, 4.6 kbps

in building, and 4.5 kbps in campus. In contrast, the throughput

achieved by a conventional LoRa gateway is 2.4 kbps in lab, 2.4 kbps

in building, and 2.3 kbps in campus. The measurement reveals that

a two-antenna MaLoRaGW almost doubles (1.95× actually) the

downlink throughput compared to a single-user LoRa gateway. This

shows the potential of MU-MIMO in LoRa downlink transmission.

Impact of Spreading Factor (SF). We evaluate the PER perfor-

mance of MaLoRaGW in downlink when using three different SF

values, namely, 6, 8, and 10. Fig. 22(c) plots the PER measured at two

LoRa dongles when served by MaLoRaGW in downlink MU-MIMO.

When SF is set to 6, the average PER is 1.3% in lab, 3.2% in building,

and 6.4% in campus. When SF is set to 8, The average PER is 1.2%

in lab, 2.8% in building, and 6.2% in campus. When SF is set to 10,

the average PER is 1.0% in lab, 2.6% in building, and 5.4% in campus.

As expected, the PER at LoRa dongles decreases as the SF value

increases. This is because a larger SF brings a higher spreading gain

for packet detection.

Impact of Bandwidth. LoRa supports different bandwidth: 125

kHz, 250 kHz, and 500 kHz. We now conduct experiments to study

the performance of MaLoRaGW with these three different band-

widths. We set SF to 10. Fig. 22(d) presents the measured PER at the

two LoRa devices when served by MaLoRaGW in downlink. When

bandwidth is 125 kHz, the average PER is 0.9% in lab, 2.3% in build-

ing, and 4.5% in campus. When bandwidth is 250 kHz, the average

PER is 1.0% in lab, 2.6% in building, and 5.4% in campus. When band-

width is 500 kHz, the average PER is 1.1% in lab, 2.8% in building,

and 6.0% in campus. It can be seen that a smaller bandwidth offers

a better PER performance. The reasons are twofold. First, a system

with a smaller bandwidth will use more radio power to carry each

of its bits, thereby reducing PER at its receiver. Second, a system

with a smaller bandwidth tends to experience a frequency-flatter

channel, which reduces the leakage of inter-user interference in

downlink MU-MIMO transmission.

5.6 Limitations and Discussions

Antenna Limitation. While MaLoRaGW slightly improves the

throughput of LoRa uplink transmission compared to the state-of-

the-art, it significantly improves the throughput of LoRa downlink

transmission. However, our experiments of MaLoRaGW are limited

to the two-antenna case. Theoretically, MaLoRaGW should work

for a gateway with more (≥ 3) antennas, and it would provide

higher throughput gain compared to single-antenna LoRa gateway.

Validating the scalability of MaLoRaGW (over its antenna number)

requires to substantiate efforts in system implementation, which

will be carried out in our future work.

Hardware Cost and Energy Consumption. Compared to

single-antenna LoRa gateways, MaLoRaGW has higher hardware

cost and energy consumption. Fortunately, MaLoRaGW is backward

compatible with commodity off-the-shelf LoRa devices and will not

increase their hardware cost and energy consumption. Considering

the fact that most LoRa gateways have sufficient power supplies,

we believe the performance gain of MaLoRaGW outweighs the

increase of its costs.

6 CONCLUSION

In this paper, we presented MaLoRaGW, the first-of-its-kind LoRa

gateway that enables MU-MIMO transmission in LoRa networks.

MaLoRaGW features a joint design for uplink packet detection and

downlink beamforming, enabling it to concurrently serve multiple

LoRa user devices in both uplink and downlink. The key component

of MaLoRaGW is a joint baseband signal design for uplink packet

detection and downlink beamforming, which are underpinned by

three modules: spatial signal projection, accurate channel estima-

tion, and implicit beamforming. We have evaluated a two-antenna

MaLoRaGW in realistic scenarios of different scales. It has been val-

idated that MaLoRaGW is backward compatible with COTS LoRa

devices. It further demonstrates 10% throughput gain in uplink and

95% throughput gain in downlink when compared to the state-of-

the-art.
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