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ABSTRACT
Soil moisture sensing is a basic function required by applications
like precision irrigation. Recently, RF based soil moisture sensing
solutions [10, 43] have been proposed, which, however, can hardly
support large scale deployment in challenging outdoor environ-
ments, since they must have dedicated signal emitters and also
require power supply for either the signal emitters (WiFi or RFID
reader) or both the transceivers (WiFi AP and client). LTE signal
provides a unique opportunity for soil moisture sensing as the
ubiquitously deployed base stations are naturally always-on signal
emitters, eliminating the need for deploying extra hardware. In this
paper, we implement a low-cost LTE based soil moisture sensor us-
ing commercial off-the-shelf hardware. We also realize duty-cycled
soil sensing by automatically self-calibrating the phase offset after
powering on the devices, significantly reducing the overall power
consumption of the sensor. Extensive experiments show that our
low-cost sensor ($55) achieves a high accuracy (3.15%) which is
comparable to high-end soil moisture sensors ($850), wide coverage
(2.4 km from the base station) and low power consumption (lasting
16 months using batteries).

CCS CONCEPTS
• Human-centered computing→ Ubiquitous and mobile comput-
ing systems and tools.
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1 INTRODUCTION
Measuring the volumetric water content in soil, i.e., soil moisture
sensing, is a basic function for diverse applications. For example,
agriculture accounts for 70% of the worldwide water usage but
wastes over 40% of them [41], so precision irrigation has been
proposed to enable sustainable agriculture. Soil moisture sensing
is the key enabler of the core task for precision irrigation: having
water brought right to the roots of the plants, exactly when the
plants need it, and in just the right quantity they need. Soil moisture
sensing also plays important roles in hydrology that studies the
movement, distribution, and management of water on earth.

Directlymeasuring soil moisture by removing, drying, andweigh-
ing of a soil sample cannot support real-time and in-situ measure-
ment. Indirectly measuring the volumetric water content by using
some other property of the soil, such as electrical resistance, dielec-
tric constant, or interaction with neutrons, as a proxy for measuring
the moisture level has been the main steam design principle of com-
mercial soil moisture sensors. It is, however, challenging to balance
the cost and accuracy of the commercial grade soil moisture sensor.
Only high-end sensors (sub $1000) are able to provide accurate esti-
mation results for soil moisture sensing, hindering the deployment
in scale.

Recently, RF based soil moisture sensing [10, 43] has been pro-
posed, which leverages the impact of soil moisture level on the
property of RF signal, such as the speed [10] or minimum response
threshold [43], as the proxy to infer the moisture. RF based solu-
tions significantly reduce the cost and achieve reasonable accuracy
at the same time.

The existing RF based solutions, however, have two fundamental
limitations. First, a dedicated signal emitter is required, e.g., theWiFi
AP or the RFID reader. Due to the limited communication range,
the emitter must be densely deployed to cover a wide area, such as
the farms or the gardens, resulting in significant implementation
cost. Second, current solutions require power supply for the signal
emitter (WiFi AP or RFID reader) and the receiver (WiFi client). In
the outdoor environment, such as the farms covering a large area,
providing power supply for the signal emitter and the signal receiver
buried inside soil is extremely challenging. We note that, even
though the RFID tag requires no power supply, due to the limited
communication range between the reader and tag, the number of
required signal emitter (RFID reader) is much larger than WiFi
based solutions, making the RFID based solution only applicable to
small scale deployment, such as the greenhouse.

https://doi.org/10.1145/3560905.3568525
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The widely deployed LTE infrastructure (base stations) provides
a unique opportunity for soil moisture sensing in outdoor environ-
ments where power supply becomes challenging:

• Always-on signal emitters. The base stations continuously
broadcast the cell reference signal and thus naturally serves
as an always-on LTE signal transmitter, saving the effort of
deploying any extra signal emitters.

• Wide coverage. According to the Federal communication
market report [5] of the USA, 98% of the population and
84% of areas are covered by LTE networks. The pervasive
coverage guarantees that the cellular signal is available even
in challenging outdoor environments and thus facilitates
wide area deployment in applications like precision irrigation
and hydrology.

In this paper, based on our observation, we propose LTE-Soil-
Meter—an LTE-based soil moisture sensing system, by leveraging
the phenomenon that LTE signals travel slower in soil with higher
permittivity (thus higher moisture level) [10]. We have three design
objectives for LTE-Soil-Meter: low cost, low power, and high
accuracy. First, even though we leverage the cellular base stations
as the signal emitters and save huge deployment cost, we still
need to further design a low-cost LTE signal receiver and signal
processing modules so that we can densely deploy them to cover
the large area of farms or gardens. Second, our signal receivers
and signal processing modules must consume minimum power and
support months- or even years-long operation without replacing
battery, after being deployed in challenging outdoor environments.
Last but not least, our system should be able to report accurate soil
moisture estimation results.

We build a low cost LTE based soil moisture sensor using com-
mercial off-the-shelf hardware. Specifically, we adopt two low-cost
SISO software-defined-radio (RTL-SDR [34]) as the RF frontend to
collect raw LTE signal and use a Raspberry Pi as the controller to
process the received signal and estimate the soil moisture level. By
doing so, the total cost of one sensor is kept at $55.

Atop of our low-cost sensor hardware, we propose to reduce the
overall power consumption by adopting duty-cycled sensing sched-
ule, based on the fact that the soil moisture varies slowly during
one day. The nature of soil moisture makes the duty-cycled sensing
a perfect fit. The existing WiFi based soil moisture sensing sys-
tem does not implement duty cycle because of practical hardware
limitations. Specifically, the frequent powering on and off of the
radio chains in duty cycle makes the phase calibration challenging.
Typically, to calibrate the phase offset between radio chains, the
common practice is to directly connect a dedicated signal transmit-
ter to the receivers via equal length cables. The dedicated signal
emitter is removed after deployment. Doing so, however, requires
the radio chains to maintain always on, so the phase offset remains
constant, which wastes a significant amount of power. Embedding
one dedicated transmitter inside the sensor, however, doubles the
hardware cost and also drains the battery fast since transmitting
RF signal consumes orders of magnitude higher power than purely
passive signal receiving.

We propose an automatic phase calibration algorithm that en-
ables low-power duty cycle with minimum hardware cost. We ob-
serve that Raspberry Pi is able to output a single-frequency continu-
ous wave via its GPIO interface, and propose to reuse the Raspberry
as a signal generator and directly connect the Raspberry Pi and
the RTL-SDR receiver. A single tone signal, however, provides no
frequency diversity and thus is not enough to remove the phase er-
rors caused by diverse error sources. To fully harness the frequency
diversity, we propose a frequency hopping based calibration algo-
rithm via tuning the central frequency of Raspberry Pi generated
signal to scan the whole spectrum of the RTL-SDR. Implement-
ing our automatic calibration algorithm only requires two extra
low-cost RF switches ($3.75), introducing minimum overhead.

We implement a prototype of our LTE based soil moisture sensor
and evaluate its performance via both in-lab controlled experiments
and field tests in the wild. Extensive experiment results demonstrate
that our low-cost and low-power sensor ($55) is able to achieve
comparable soil moisture sensing accuracy (mean absolute error
of 3.15%) as the high-end commercial sensor ($850). Our field tests
also prove that our sensor works robustly under diverse types of
soil, e.g., grass covered soil, potting mix soil, sandy loam or even
stony ground. The measurement of the power consumption shows
that our sensor is able to work continuously for 16 months without
the need to replace batteries.

We summarize the main contributions of our work as follows:

• We for the first time propose to exploit LTE signals for soil
moisture monitoring. By leveraging the inherent advantages
of wide coverage and extensive existing infrastructure, we
move one big step towards large-scale real deployments.

• We implement our soil moisture monitoring system using
commercial off-the-shelf devices and at the same time meet-
ing the requirements of low cost, lightweight and low power.
We enable low-power duty cycles with minimum extra cost,
by leveraging the existing hardware resources and LTE sig-
nal properties.

• We implement our design and demonstrate the effectiveness
of our LTE-based soil moisture monitoring system. Extensive
experiments show that our system achieves a high accuracy
(3.15%), which is comparable to high-end soil moisture sen-
sors ($850), wide coverage (2.4 km from the base station) and
low power consumption (lasting 16 months).

The rest of this paper is organized as follows. We introduce the
necessary background of RF-based soil moisture sensing and LTE
operation in §2. We introduce the detailed design of our sensor
in §3 and cover the implementation details in §4. We evaluate the
performance of the proposed sensor in §5, survey the related works
in §6 and discuss the possible limitations in §7. At last, we conclude
our paper in §8.

2 BACKGROUND
In this section, we introduce the key rationale of the RF-based soil
moisture sensing and the necessary background of LTE physical
layer signal structure.
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Figure 1: Signal propagation path traveling through air and soil.

2.1 Primer on RF-based Soil Moisture Sensing
The volumetric water contentM (or the soil moisture) is the ratio
of the volume of water to the unit volume of soil, which a�ects the
dielectric permittivityn of the soil. Prior study [42] has derived the
empirical relationship between the soil moisture and the dielectric
permittivity:

M = 0”1138
p

n � 0”1758” (1)

On the other hand, the dielectric permittivity of soil determines the
speed of electromagnetic wave2 inside the soil:2 = 20•

p
n, where

20 represents the speed of electromagnetic wave in the air. As a
result, we could estimate the soil moisture as:

M = 0”1138�
20

2
� 0”1758” (2)

According to above equation, soil moisture monitoring requires
accurate measurement of the speed of RF wave inside the soil.

TDoF-based moisture sensing. Ideally, we are able to calculate
the speed of RF wave given the traveling distance; and theTime-of-
Flight (ToF)g. Highly accurate ToF estimation, however, demands
ultra-wide bandwidth and tight synchronization between the RF
transceivers, imposing stringent hardware requirements. To enable
low-cost RF based soil moisture sensing,Time-Di�erence-of-Flight
(TDoF) based sensing methods [10] have been proposed. As shown
in Figure 1, the TDoF� g of the signals arriving at two antennas is:

� g =
� ;3
2

¸
� ;2
2

�
� ;1
20

=
� ;3
2

¸
� ;2
2

�
� ;1p
n � 2

” (3)

According to the geometric relationship between theincident angle
\ 1 and therefraction angle\ 2, we have:

� ;1 =
cos\ 1

cos\ 2
� ;2” (4)

Meanwhile, according to Snell's law [44], we have:
p

n =
cos\ 1

cos\ 2
” (5)

Combining Eqn. 3, 4, and 5, we obtain the speed of RF wave in soil:

2 =
� ;3
� g

=
3 sin\ 2

� g
(6)

where3 is the distance of two receiving antennas and thus is a
known constant. Ideally, the refraction angle\ 2 is also known if the
sender and receiver locations are known. (we relax this requirement
in Ÿ3.4). To estimate the speed2 of RF wave in soil, we only need to
measure the TDoF� gof signals arriving at two antennas, which can
be obtained by calculating the phase di�erence of signals received
at the two antennas [10].

Figure 2: LTE divides time into 10-millisecond radio frames, which
are further divided into subframes. LTE groups 14 OFDM symbols
and 12 subcarriers into one PRB. Cell reference signal (CRS) scatters
inside the resource elements of each PRB.

2.2 LTE Primer
In LTE, the transmissions are organized into 10-millisecondra-
dio frames, just as shown in Figure 2. Each radio frame is further
divided into 10 one-millisecondsubframes. LTE adopts OFDMA
in the physical layer and allocates 14 OFDM symbols inside each
subframe. LTE divides the frequency into 15 kHz subcarriers. The
resource block consisting of one subcarrier in frequency and one
OFDM symbol in time is oneresource element. LTE groups 14 OFDM
symbols in time (1 subframe) and 12 subcarriers in frequency as one
Physical Resource Block (PRB). LTE selects a set of prede�nedcell
reference signal(CRS) for channel estimation and transmits them
inside a prede�ned set of resource elements in each PRB, just as
shown in Figure 2. We note that, one resource element is empty if it
is not used for transmitting data, but the base station continuously
broadcasts the CRS even when all the other resource elements are
empty.

An LTE receiver is able to estimate the channel state information
(CSI) using the received CRS. We denote- ¹;• : º as the transmitted
known reference signal, and. ¹;• : º to represent the received refer-
ence signal at the;-th OFDM symbol and: -th subcarrier, the CSI
� ¹;• : º can then be calculated as:

� ¹;• : º =
. ¹;• : º
- ¹;• : º

= Uexp¹� 92c
3
_

º ¸ =¹;• : º (7)

whereU denotes the complex attenuation in the propagation,3
denotes the path length traveling from the LTE base station to the
receiver,_ is the wavelength of the signal, and=¹;• : º denotes noise.
As shown in Figure 2, the LTE receiver �rst estimates CSI of the
;-th OFDM symbol and the: -th subcarrier that contains reference
signals (CRS), and then interpolates across time and frequency to
obtain the full CSI matrix.

3 DESIGN
We now introduce the design of our LTE based soil moisture sys-
tem. We begin with the introduction of the low-cost hardware
implementation, followed by the description of the low-power duty
cycle algorithm. At last, we introduce the detailed soil moisture
estimation algorithm using our low-cost and low-power sensor.
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3.1 Low-cost Hardware Architecture
Figure 3 depicts the hardware architecture of the proposed soil
moisture sensor. We use two low-cost SISO software-de�ned-radio
(RTL-SDR at $16) [2] as the front end to receive the raw LTE signals,
which are connected to a Raspberry Pi Zero 2W ($15) [29] via USB
interfaces. The Raspberry Pi demodulates the LTE signal, estimates
the CSI and estimates the soil moisture. The overall hardware cost
is only 47 dollars (total cost increases to $55 after adding two RF
switches ($3.75) in Ÿ3.3).

Figure 3: Main components of our low-cost hardware system.

Bandwidth mismatch. We choose RTL-SDR because of its low
cost. The cost, in turn, limits the capability of the hardware. Speci�-
cally, the RTL-SDR only supports 2.5 MHz signal bandwidth, while
the bandwidth of the LTE base stations are much wider (typical
bandwidth is 5, 10 and 20 MHz). Performing tight synchronization
and accurately estimating the signal phase of the wide-band signal
using receivers with limited bandwidth are challenging.

Our key observation is that, di�erent from traditional wireless
systems (e.g., WiFi, RFID and LoRa) that transmits preambles that
occupy the full channel bandwidth for synchronization, LTE trans-
mits primary synchronization signal(PSS) andsecondary synchro-
nization signal(SSS) for synchronization and both of them only
occupy the central 1.4 MHz, as shown in Figure 4. We, therefore,
set two RTL-SDRs to the same central frequency as the base station
and extract the corresponding PSS and SSS signals for synchroniza-
tion. By doing so, we could achieve the same level of synchroniza-
tion as the wide-band hardware. After synchronization, we derive
the CSI using the cell reference signal received within the central
2.5 MHz [12] and calculate the phase di�erence of CSI measured
from two RTL-SDRs to estimate the soil moisture.

3.2 Signal Alignment across RTL-SDRs
The two RTL-SDRs are unsynchronized with each other and per-
form independent synchronization with the base station. We need
to align the signal received from two RTL-SDRs before we can
leverage their phase di�erence for soil moisture estimation. We
propose a two-phase signal alignment algorithm: a coarse-grain
IQ sample alignment followed by a �ne-grain OFDM symbol level
phase alignment.

3.2.1 Sample level alignment.We leverage the physical layer struc-
ture of LTE to perform signal alignment. LTE signals are transmitted
in frames, which consist of 140 OFDM symbols, and the frame in-
formation is encoded on the central 1.4 MHz of the OFDM symbols

Figure 4: The central 1.4 MHz contains the PSS and SSS signal,
which are used for synchronization, and the PBCH channel that
contains the index of the radio frames.

as shown in Figure 4. The base station numbers every frame and
broadcasts the index of each frame via the physical broadcast chan-
nel (PBCH) of that speci�c frame. After synchronization, the LTE
receiver identi�es the boundary of each frame and segments the
received signal into frames accordingly.

We observe that, the PBCH also resides inside the central 1.4 MHz
of every LTE channel with arbitrary channel bandwidth, so the
frame index inside the PBCH can be decoded using a 2.5 MHz
RTL-SDR receiver. We, therefore, align the frames received from
two RTL-SDRs according to the decoded frame index and thus
automatically align the samples inside each frame.

3.2.2 Phase alignment within each OFDM symbol.In the conven-
tional MIMO devices, all the radio chains are driven by the same
clock source, so they are sharing the same carrier frequency o�set
(CFO), sampling frequency o�set (SFO) and sampling timing o�set
(STO). When calculating the phase di�erence of signals received
by multiple radio chains, all the CFO, SFO and STO are automat-
ically canceled out [10]. However, in our multi-receiver system,
two SISO RTL-SDRs driven by two independent clock sources have
di�erent CFO, SFO and STO. Therefore, we need to align the phase
and mitigate the e�ect of aforementioned hardware errors before
calculating the accurate phase di�erence.

Model of phase di�erence. The impact of CFO, SFO, STO and
carrier phase o�set (CPO) on the phase of signal received from an
individual radio chain (or receiver) has been extensively studied
in prior works such as [46]. Accordingly, we model the CSI phase
di�erence �� ;•: of the: -th subcarrier and the;-th OFDM symbol
received from two RTL-SDRs as:

�� ;•: = 2c 5)G � g ¸ � �%$ ¸ ;� ��$ ¸ ;: � (�$ ¸ : � ()$ (8)

where2c 5)G � g denotes the target phase rotation caused by the
TDoF,5) - is the frequency of the transmitted signal, and� �%$ ,
� ��$ , � (�$ , � ()$ represent the unit errors caused by the di�er-
ence of CPO, CFO, SFO and STO between two RTL-SDRs. We could
observe that the error introduced by CFO changes with time (or;),
the error introduced by STO changes with frequency (or: ) and the
error introduced by SFO changes with both time and frequency (;
and: ). We summarize the properties of all the phase components
of Eqn. 8 in Table 1.

Error estimation and correction. Supposing the LTE channel
consists of subcarriers and we receive! OFDM symbols, then
we would obtain a matrix of phase di�erence,i.e., �� ;•: , where
; = »1•� � � • ! ¼and: = »1•� � � •  ¼. We �rst eliminate all the fre-
quency invariant components by subtracting between adjacent
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Table 1: Properties of all the phase components in the phase di�er-
ence of received signals from two RTL-SDRs.

Time invariant Time variant

Frequency
invariant

Target phase rotation
+

Carrier phase o�set

Carrier frequency
o�set

Frequency
variant

Sampling timing
o�set

Sampling frequency
o�set

phase di�erence elements along the frequency domain:

�� ;•: ¸ 1 � �� ;•: = ;� (�$ ¸ � ()$ • (9)

Afterwards, we cancel the time invariant STO by subtracting adja-
cent phase di�erence elements along the time domain:

¹�� ; ¸ 1•: ¸ 1 � �� ; ¸ 1•: º � ¹ �� ;•: ¸ 1 � �� ;•: º = � (�$ (10)

Till now, we derive the impact ofq(�$ . We also note that, by per-
forming the above operation on the matrix of size � ! , we obtain
¹! � 1º � ¹  � 1º estimations of the sameq(�$ . We calculate the
mean of all these estimations as our �nal estimation to minimize
the e�ect of the random noise caused by the environment, measure-
ment, thermal e�ect, and so on. Substituting the estimated� (�$
in Eqn. 9, we could obtain the estimation of� ()$ .

Similarly, we calculate the di�erence of the phase di�erence
along the time domain and obtain:

�� ; ¸ 1•: � �� ;•: = � ��$ ¸ : � (�$ ” (11)

We then estimate the� ��$ by subtracting the estimated� (�$ from
the above equations. In total, we obtain¹! � 1º �  estimations
of � ��$ after performing the above operations over the matrix of
phase di�erence, and use their mean value as our �nal estimation.

After compensating CFO, SFO, STO, we have the only phase
o�set CPO left. However, both the target phase rotation and CPO
are �xed along the time and frequency domain. It is not able to
di�erentiate them from each other. An CPO calibration at the ini-
tialization stage is required to eliminate CPO before extracting
the target phase rotation for soil sensing. To calibrate CPO, the
conventional method is to leverage a known transmitter sending
known signals through two cables with equal lengths [46]. Under
such a circumstance, the� g = 0 and the target phase rotations is
zero in the matrix of phase di�erence�� ;•: . CPO becomes the only
unknown in the matrix and thus can be accurately estimated.

Figure 5: Oscillating phase o�-
set riding on the other phase o�-
sets.

Figure 6: Hardware architec-
ture of the RTL-SDR with two
main components.

3.2.3 Oscillating phase o�set.Except the phase error caused by
the CFO, CPO, SFO, and STO, we also observe a unique oscillating
phase o�set in the phase di�erence of signals received from two
RTL-SDRs, just as shown in Figure 5.

Root cause.We conduct a series of experiments to �nd the root
cause of the oscillating phase o�set. The radio chain of RTL-SDR
consists of two separate signal processing integrated circuit (IC):
the RF processing IC and the baseband processing IC, just as shown
in Figure 6. These two ICs have their own phase-locked-loop (PLL).
According to the source code of the driver program [31], RTL-
SDR implements adirect baseband receiving mode, which supports
bypassing the RF processing IC and directly feeding signals to
the baseband processing IC. We, therefore, set two RTL-SDRs in
the direct baseband receiving mode, feed the same signal to the
baseband IC and calculate the phase di�erence. We plot the results
in Figure 7, from which we could see that the baseband IC is not
the source of the oscillating phase o�set.

Figure 7: Phase di�erence of 2
Rx directly through baseband IC
(passing by RF IC).

Figure 8: Phase oscillation
range versus the target RF
frequency setting in the PLL.

We then feed the RF signal into the RF IC, independently ad-
justing the parameters of the RF-domain processing including the
sampling rate, RF gain, central frequency, and check whether the
oscillating phase o�set will be a�ected. We observe that the phase
oscillation range is proportional to the RF PLL frequency [32], as
shown in Figure 8. For our LTE receivers in the frequency band of
700-800 MHz, the oscillation range is in the range of 7-8 rad.

The RF PLL is highly likely the root cause of such an oscillating
phase o�set. Ideally, RF PLL should generate stable frequency out-
puts, but in reality it always oscillates near the target frequency
to realize a dynamic frequency lock, causing a time variant phase
o�set. The two RTL-SDRs use separate PLLs in their RF IC. In the
initialization stage, their outputs lock to two random frequency
o�set. As a result, two unaligned oscillating outputs lead to the
oscillating phase di�erence between the two receivers.

Error handling. It is hard to accurately model the oscillating phase
o�set, but we have two observations that help remove it from phase
di�erence. First, periodicity in time. The oscillating phase varies
periodically in the time domain. We plot one cycle of the varying
phase in Figure 9. We also perform spectral analysis on the isolated
oscillating phases, and plot the results in Figure 10, from which we
see that the main frequency component is at 48.55 Hz and thus the
oscillating period is 20.6 ms, which is very stable according to our
empirical data. The shape of the phase curve also maintains the
same within one cycle. The only property that varies is the di�er-
ence between the peak and valley, which is determined by the RF
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Figure 9: One cycle of the os-
cillating phase o�set in the time
domain.

Figure 10: Spectrum analysis to
�nd the period of the PLL caused
oscillating phase o�set.

PLL frequency, as shown in Figure 8. Second, frequency invariance.
The oscillating phase has the same pattern on all the subcarriers.
According to the above analysis, we see that the oscillating phase is
time variant but frequency invariant, which is the same as the CFO,
indicating that the CFO we estimated includes two components,
just as shown in Figure 5. We note that the phase error caused by
CFO is linear while the oscillating phase is nonlinear. Thus, we
separate the CFO via linear regression. The residual phase is the
oscillating phase and can be removed from the phase di�erence.

3.3 Low-power Duty Cycle
To reduce the overall power consumption of our system, we propose
to adopt duty cycle based sensing scheduling, based on the fact that
the soil moisture changes slowly (in hours).

Challenge. Duty-cycled soil moisture measurement is a common
practice for commercial soil sensors to save energy. It is, however,
challenging to be directly implemented on existing WiFi based soil
moisture sensing systems [10]. Duty cycle requires frequent power-
ing on and o�. Every time we power on the RF radio chain, the CPO
is randomly initialized. As we have mentioned in Ÿ3.2.2, to estimate
the CPO, we need to perform an o�-line calibration by directly con-
necting one dedicated RF transmitter to the receiver. Typically, the
dedicated RF transmitter is removed after deployment [10, 46]. But,
by doing so, we must turn on the RF receiver to maintain the CPO
value, contradicting the requirement of the duty cycle operation.
If we embed one dedicated signal emitter in soil moisture sensor
purely for calibration purpose, the hardware cost almost doubles.
More importantly, the power consumption increases signi�cantly,
since transmitting RF signals consumes orders of magnitude higher
power than purely passive reception, which also con�icts with the
purpose of low-power duty cycle.

3.3.1 Automatic calibration.We propose an automatic calibration
solution without adding any additional signal emitter, based on two
key observations. First, unlike the dedicated WiFi or LTE network
interface card that can only process standard WiFi or LTE signals,
the RTL-SDR in our system can be programmed to process arbitrary
signals. Second, the Raspberry Pi can be programmed to be a signal
generator. Speci�cally, the Raspberry Pi has an internal integrated
clock to drive its CPU, which is able to generate a continuous wave
with a central frequency smaller than 1.5 GHz. The range of the
central frequency perfectly covers the band of LTE base stations we
choose in our implementation (700-800 MHz). More importantly,
we can program the Raspberry Pi to set the central frequency and

output it using the GPIO port. We note that setting the central
frequency does not a�ect the frequency of the CPU. Based on our
observations, we propose to feed the continuous wave generated
by the Raspberry Pi into the RTL-SDRs to calibrate the CPO.

Figure 11: Illustration of the calibration circuit.

Hardware con�guration. To realize our idea, we connect the
GPIO port of the Raspberry Pi to two low-cost ($3.75) RF switches [9]
via equal-length cables, just as shown in Figure 11. We also connect
the LTE antennas to the other ports of the RF switches to receive
LTE signals. We program the Raspberry Pi to control the switches
to receive calibration signals from its own GPIO during the cali-
bration stage, and to receive LTE signals from the LTE antennas
during the soil moisture measuring stage.

Frequency hopping based data sampling. We need to estimate
the impact of CFO, SFO, and STO, before we can calibrate the CPO.
By receiving the known single-frequency signals generated by the
Raspberry Pi, we can only estimate the CSI of a single frequency
(similar to one subcarrier). However, according to Eqn. 8, we need
CSI measurements across frequencies to estimate and then mitigate
the impact of those frequency variant phase errors.

Figure 12: Scheduling the frequency hopping based data sampling.

To obtain CSI measurements across frequencies, we propose a
frequency hopping based data sampling algorithm during the phase
calibration process. As shown in Figure 12, we �rst con�gure the
Raspberry Pi to generate a signal at the: -th frequency (subcarrier),
at which we measure) CSIs within a period of 20.6 ms. We then
program the Raspberry Pi to switch the central frequency of the
generated signal and repeat the CSI measurement process. There are
166 subcarriers within the bandwidth of the Raspberry Pi (2.5 MHz).
Scanning all the subcarriers takes about 3.4 seconds, given the
sampling time at each subcarrier is 20.6 ms. To reduce the time
spend on the initial calibration and thus save the energy, we only
collect CSI on six subcarriers that are symmetric to the central
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subcarrier (see Ÿ5.2), with a gap of 28 subcarriers between each two
adjacent subcarriers.

Phase error correction. We denote the phase di�erence of the)
CSIs collected from the: -th subcarrier of two RTL-SDRs as:

�� )
: =

2
6
6
6
6
6
6
4

�� 1•:
�� 2•:

� � �
�� ) •:

3
7
7
7
7
7
7
5

(12)

where the phase di�erence� C•: can be calculated according to
Eqn. 8. Accordingly, the phase di�erences of all the sampled CSIs
are given as:

�� = »�� )
1•�� )

2• ” ” ” •�� )
 ¼ (13)

where = 6 in our current implementation, since we only sample
in six pre-selected subcarriers.

We follow similar steps described in Ÿ3.2.2 to estimate and elimi-
nate the impact of CFO, STO and SFO. Speci�cally, we �rst subtract
the adjacent phase di�erence along the time dimension and obtain:

�� )
Ç 1•: � �� )

C•: = � ��$ ¸ ;� (�$ ” (14)

We then subtract the phase di�erence in the frequency dimension:

¹�� )
Ç 1•: ¸ 1 � �� )

C•:̧ 1º � ¹ �� )
Ç 1•: � �� )

C•:º = � (�$ ” (15)

By doing so, we isolate the� (�$ , and obtain) � ¹  � 1º noisy
estimations of� (�$ . We use the mean value of all those estimations
as our �nal result. By subtracting the estimated� (�$ in Eqn. 14,
we obtain the estimated� ��$ . We note that,� ��$ represents the
phase di�erence caused by two CFOs between the transmitter and
two RTL-SDR. Since the CFO induced phase error is linear, the �nal
CFO included phase di�erence is determined by:

¹5CG� 5AG1º � ¹ 5CG� 5AG2º = 5AG1 � 5AG2” (16)

Therefore, even though we change the transmitting frequency, the
introduced� ��$ is the same across di�erent subcarriers (transmit-
ting frequencies). By removing� ��$ and� (�$ from Eqn. 13, only
� �%$ and � ()$ are left. Since� ()$ is frequency variant while
� �%$ is frequency invariant, we can estimate the� ()$ �rst by
subtracting adjacent phase di�erences in frequency dimension and
at last estimate the� �%$ , as we have done in Ÿ3.2.2.

Figure 13: The possible range of
unknown\ 2.

Figure 14: The possible moisture
error when assuming\ 2 = 90� .

3.4 Soil Moisture Estimation

Unknown base station locations. When calculating the speed2
in Eqn. 6, we assume that the refraction angle\ 2 can be calculated
using the locations of the base stations. However, knowing the
exact locations of all the deployed sensors and all the base stations
is a strong assumption, which may not be valid in real world de-
ployment. We now describe how to realize soil moisture estimation
without knowing the base station locations.

According to Snell's law [44], we can calculate the refraction
angle\ 2 as:

\ 2 = arccos
�
cos\ 1p

n

�
” (17)

We plot all possible value of\ 2 in Figure 13, given that the common
range ofn varies in [4, 36] for soil [10], and the incident angle may
vary in the range»0� •90� ¼, from which we could see that the range
of \ 2 is within »60� •90� ¼, much smaller than the value space of\ 1.
In our implementation, we directly set the\ 2 = 90� .

We now analyze how much error is introduced to the �nal mois-
ture estimation by using the �xed\ 2 value. We denote the dielectric
permittivity for \ 2 = 90� asn4BC. Given Eqn. 6 andn = ¹20•2º2, we
haven4BC= nsin2 \ 2. The possible soil moisture estimation error
between the assumptionn4BCand the actualn is obtained by Eqn. 1:

� M = 0”1138
p

n¹1 � sin\ 2º

= 0”1138
p

n
�
1 � sin arccos

�
cos\ 1p

n

� �
”

(18)

The moisture error due to the setting\ 2 = 90� is shown in Eqn.
18, which is determined by the real incident angle\ 1 and the real
dielectric permittivityn. We obtain the possible error distribution in
Figure 14. The max soil moisture error caused by our assumption is
about 2.5% at the bottom left corner of the error map, and the mean
moisture error is about 0.7%. The maximum error occurs when the
actual dielectric permittivityn = 4 and the actual incident angle
\ 1 = 0� (actual\ 2 = 60� ). To compute the mean error, we let both
the incident angle and the dielectric permittivity change at a step
of 0.01. We compute all the corresponding moisture errors� M ,
and then we compute the average, which is about 0.7%, remaining
in an acceptable error range.

Subcarrier combination. We obtain one estimation of the soil
moisture using the calibrated CSI from each subcarrier. To e�ec-
tively combine the estimations from all the subcarriers, we need to
analyze the credibility of the estimations on di�erent subcarriers,
i.e., the impact of errors on di�erent subcarriers.

We only analyze the impacts of SFO and STO on di�erent sub-
carriers, since CFO, CPO and the oscillating phase o�set have the
same impact across subcarriers. After OFDM demodulation, di�er-
ent subcarriers fall on di�erent baseband frequencies from� � 5 to
�¹  •2º� 5, where� 5 denotes the LTE subcarrier bandwidth,i.e.,
15 kHz. Due to SFO, there is a time error in each sample interval,
i.e., 1• 5̂B � 1• 5B, where5B represents the ideal sampling frequency
after compensating SFO and̂5B represents the actual sampling fre-
quency with SFO, just as shown in Figure 15. For a subcarrier at
the frequency of: � 5, the time delay causes a phase error:

� q = 2c: � 5¹
1

5̂B
�

1
5B

º” (19)
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Figure 15: Illustration of SFO
caused error.

Figure 16: SFO caused phase er-
ror caused in one sample inter-
val.

In the above equation,1
5̂B

� 1
5B

is the same for any subcarriers,

while : � 5 varies across subcarriers, which indicates that, given a
certain SFO, a higher subcarrier frequency results in a larger phase
error in the same interval. Figure 16 shows both the theoretical
(from Eqn. 19) and experimental phase errors for di�erent subcarrier
frequencies in one sample interval, which matches with our analysis.
Based on the above conclusion, we set lower weights (1•: � 5) to
the subcarriers with higher frequencies and compute the weighted
soil moisture estimation as the �nal output.

4 IMPLEMENTATION

Software implementation. We implement the LTE demodula-
tion procedure and a real-time LTE CSI tool in C++. Our minimal
LTE CSI tool works on lightweight, low-cost and low-power de-
vices. Table 2 shows the comparison between our LTE CSI tool
and the widely used WiFi CSI tools [13, 16]. All of them realize the
basic functions including real-time reception and demodulation,
saving CSI to �les for future use and real-time CSI visualization
facilitating research. However, our CSI tool provides more than
5.6x CSI readings than the WiFi CSI tools. To accelerate execution,
we also provide two levels of parallelization of the computation:
multi-threading [23] and o�oading the channel estimation tasks
to GPU using OpenCL [15]. [7] demonstrates the real-time CSI
demodulation and visualization using our LTE CSI tool. And [8]
presents another real-time hand speed estimation demo requiring
heavy computation (threefold auto-correlation).

Microbenchmark.We obtain an quanti�ed computational com-
plexity comparison of the average CPU usage by letting the pro-
grams run on the same PC (Intel® Celeron® Processor J1900, 2.0
GHz). To enable a fair comparison, we let the WiFi CSI tool [16]
use two receiver antennas and set the packet rate to 2500 units per
second. Also, we reduce the LTE CSI extraction rate to 2500 units
per second. We let both programs run for 30 seconds and repeat
for 10 times. The average CPU usage for our LTE CSI tool is 5.5%,
while the counterpart of the WiFi CSI tool is 33.7%. In conclusion,
our LTE CSI tool is much more lightweight than the WiFi CSI tool.

LTE frequency band selection. LTE communication includes a
wide range of frequency bands from sub-GHz to 6 GHz, which gives
us the freedom to choose the best one for sensing. Wireless signal
attenuation in the soil is frequency-dependent [22], and higher
frequencies have higher attenuation. So we choose the sub-GHz
frequency bands. In our implementation, we choose base stations
with central frequency in the range of 700-800 MHz, which are the

Table 2: Functionality comparison between our LTE CSI tool and
existing open-source WiFi CSI tools.

Functionalities LTE CSI tool WiFi CSI tools
Real-time reception

EnabledSaving to a �le
Real-time visualization

Max sampling rate 14000 Samples/s � 2500 Samples/s
Computational complexity Lightweight heavy duty

GPU acceleration Enabled No supported yet

most common sub-GHz bands in the US. There are usually multiple
LTE frequency bands provided by di�erent vendors.

Setting the distance between antennas. The distance between
two receiving antennas is required to calculate the speed of RF
wave inside soil, according to Eqn. 6. Since we calculate the TDoF
using the phase di�erence of signals received at two antennas
(� g = � q•¹ 2c 5º), we have to limit such a phase di�erence within
2c to eliminate any phase ambiguity. According to Eqn. 6, we
calculate the phase di�erence as:

� q = 2c 5� g = 2c 5
n3sin\ 2

20
” (20)

Accordingly, by limiting the phase within2c , we have:

3 Ÿ
20

n5sin\ 2
” (21)

The common range ofn is 4 to 36 in soil moisture estimation [10].
Given the central frequency range of 700-800 MHz, we obtain the
upper bound of the distance3 Ÿ 9”372<.

The distance is also lower bounded by several factors. First, to
deal with the non-homogeneity of the soil, the antenna distance� 3
should be large enough to achieve stable results. Second, closely-
placed antennas su�er from mutual coupling e�ects [38], which
introduces an additional phase rotation and thus a�ects the TDoF
estimation. Based on extensive experiments (Ÿ5.3), we set the an-
tenna distance to 4 cm, which optimizes the performance.

5 EVALUATION
In this section, we evaluate the accuracy of our system. We present
the end-to-end evaluation of the soil moisture estimation accu-
racy (Ÿ5.1), followed by a micro-benchmark to investigate the im-
pact of di�erent factors on the accuracy of soil moisture estima-
tion (Ÿ5.2). Finally, we evaluate the power consumption of our
system (Ÿ5.3).

Setup. In our lab experiments, We use a large plastic box as the
soil container, just as shown in Figure 17. We place two antennas
horizontally in the soil at a depth of 7 cm (the typical insertion
depth of high-end sensors [18]) and set the antenna distance3 to
4 cm. We set calibration duration to be 0.125 s and the LTE signal
collecting duration to be 2 s. We precisely control the water added
to the soil and use the ratio of water to the total volume of soil
and water as the groundtruth. In our �eld experiments, we use the
same antenna con�gurations as lab experiments and use the soil
moisture measured with a high-end commercial soil sensor [18] as
the groundtruth.
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