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ABSTRACT
LoRa networks have been deployed in many orchards for environ-
mental monitoring and crop management. An accurate propagation
model is essential for efficiently deploying a LoRa network in or-
chards, e.g., determining gateway coverage and sensor placement.
Although some propagation models have been studied for LoRa
networks, they are not suitable for orchard environments, because
they do not consider the shadowing effect on wireless propagation
caused by the ground and tree canopies. This paper presents FLog, a
propagation model for LoRa signals in orchard environments. FLog
leverages a unique feature of orchards, i.e., all trees have similar
shapes and are planted regularly in space. We develop a 3D model
of the orchards. Once we have the location of a sensor and a gate-
way, we know the mediums that the wireless signal traverse. Based
on this knowledge, we generate the First Fresnel Zone (FFZ) be-
tween the sender and the receiver. The intrinsic path loss exponents
(PLE) of all mediums can be combined into a classic Log-Normal
Shadowing model in the FFZ. Extensive experiments in almond
orchards show that FLog reduces the link quality estimation error
by 42.7% and improves gateway coverage estimation accuracy by
70.3%, compared with a widely-used propagation model.
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1 INTRODUCTION
Orchard crops are a significant contributor to the economy in Cal-
ifornia, generating over 8.96 billion dollars in profit in 2021 [45].
Smart orchard management, such as smart irrigation [11], tree
health monitoring [9] and pest control [35], is crucial for improv-
ing yield and minimizing cost [25]. All these applications need to
deploy a large number of sensors across the orchards, e.g., tens or
even hundreds of acres. LoRa is a promising solution with a com-
munication range of several miles, allowing gateways to receive
sensor data in a large field [7, 15, 18, 26, 33, 42, 47, 48, 55]. However,
this range is only achievable in free space [6, 17], which is rarely
found in orchards.

Our preliminary experimental results reveal that in an almond
orchard, LoRa signals can only be reliably transmitted up to 140
m with a Spreading Factor (SF) of 10; whereas LoRa signals with
the same hardware and transmission parameters can reach a com-
munication distance of 2 km in free space. In orchards, nodes are
typically installed close to the ground, under the tree canopy. Mean-
while, LoRa gateways are often placed on towers of 6-10 m because
there are no high buildings on farms and it is expensive to construct
taller towers. As a result, the energy of wireless signals may be
absorbed and reflected by the ground, which can affect the LoRa
signal propagation. In addition, the wireless signal from a sensor
node must penetrate through the canopies of multiple trees to reach
a gateway, which is installed on a tower higher than the trees.

In this paper, we study the propagation modeling problem of
LoRa signals in orchard environments, which require estimating
the attenuation of wireless signals as they propagate through all
mediums between the transmitter and the receiver, such as air and
tree canopy. Although two propagation models [10, 29] for LoRa
have been developed for large-scale urban scenarios, they cannot
be used in orchards. For example, for a sensor node in orchards, its
signal propagation varies significantly across different directions,
since the signal traverses different distances in canopies. In addition,
several foliage propagation models [4, 19, 46] have been studied
for wireless signals passing through trees. They are developed for
high-frequency channels (e.g., 5 GHz in satellite communications)
but are not applicable to LoRa links. The propagation characteristics
of low-frequency LoRa signals are different from high-frequency
signals, and these foliage propagation models do not consider the
impact of the ground on LoRa signal propagation.

To study the characteristics of LoRa signal propagation in or-
chards, we conduct a series of experiments using a gateway and a
LoRa sensor node. The node is deployed at different locations for
experiments (Section 4.1 for the detailed description of the experi-
ment setting). Based on our experimental results, we made three
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observations. 1) If the send and the receiver are both under trees,
the link quality of a line-of-sight (LoS) path is worse than that
of non-line-of-sight (NLoS) paths. When a wireless signal passes
through a tree, it may penetrate, scatter (i.e., reflected or refracted),
or diffract around the tree. This power loss is known as the shad-
owing effect, which needs to be analyzed from a 3D perspective. 2)
Due to the long wavelength of LoRa signals, wireless signals can
easily diffract from tree trunks and branches. 3) The low installation
height of LoRa sensor nodes means that the ground has an apparent
shadowing impact on wireless signal propagation.

Based on the observations above, this paper presents FLog, a
wireless signal propagation model designed for LoRa links in or-
chards. It is inspired by the regular layout of orchards, where all
trees are perfectly aligned and have a similar shape and canopy
density, as they are planted and pruned at the same time. The shape
of a tree can be modeled by a few parameters, including tree height,
trunk height, and canopy width. The layout of an orchard can be
modeled by the shape of trees, the distance between adjacent rows,
and the distance between adjacent trees.

Given the locations of a sensor node and a gateway, we can lever-
age our 3D orchard model to study the shadowing effect that the
wireless signal will experience from the sensor node to the gateway.
Based on the shadowing effect analysis, our wireless propagation
model can calculate the attenuation that the signal will have as it
travels through the air and tree canopies. Combining the predefined
transmission settings, including antenna gains and transmission
power, we can calculate the strength of the received LoRa signal.

FLog adopts the First Fresnel Zone (FFZ) to capture the com-
plex shadowing effect caused by tree canopies and the ground in
orchards. The FFZ is a 3D ellipsoid region with two focus points lo-
cated at the sensor node and the gateway. This zone carries most of
the signal energy received by the receiver. Different links have their
unique portions of the wireless transmission medium in their FFZ.
To calculate the portion of each medium for a transmission pair, we
perform numerical sampling in the FFZ. Each sampling point may
encounter free space, trees, or the ground. The portions of sampling
points in each medium over the total number of points are used as
weights for profiling the shadowing effect. These weights are used
to combine the intrinsic path loss exponent (PLE) of each transmis-
sion medium, resulting in the final PLE of the classic Log-Normal
Shadowing model in the FFZ.

Besides the weights, we also need to determine the PLEs for
each medium in FLog. We obtain these parameters by fitting the
collected data using a nonlinear least square algorithm [39]. We
adapt these parameters according to environmental variation based
on a few recently received packets.

To demonstrate the applications of our propagation model, we
use FLog to determine gateway coverage. A LoRa node is considered
to be covered by a gateway if the Packet Delivery Ratio (PDR)
exceeds 80% [53, 56]. The PDR is computed using a BER model [14],
with inputs of Signal-to-Noise Ratio (SNR) and SF. We use FLog to
estimate the SNR for any LoRa nodes and a gateway, and thus the
coverage of that gateway under different transmission settings.

Extensive experiments have been conducted in two almond or-
chards and one walnut orchard. The results show that FLog can
reduce path loss estimation errors by up to 42.7% compared to the
Log-Normal Shadowing model. Additionally, FLog provides more

accurate PDR estimation for gateway coverage, reducing the estima-
tion error by 70.3% compared to the Log-Normal Shadowing model.
Numerical analysis shows that FLog can facilitate scheduling fewer
gateways while maintaining reliable link quality.

In summary, this paper makes three major contributions:
• We study the propagation modeling problem of wireless
LoRa signals in orchards. It is essential to deploy LoRa net-
works for smart orchard management.

• We propose ourSystem, a novel propagation model for LoRa
networks in orchards. It leverages the regular tree layout of
orchards to model the complex shadowing effect caused by
tree canopies and the ground.

• Extensive experiments demonstrate the effectiveness of FLog.
A gateway coverage study shows the usability of FLog.

2 BACKGROUND AND MOTIVATION
After a brief introduction of some basic LoRa concepts and the
Log-Normal Shadowing model, we conduct experiments to study
LoRa links in free space and orchards.

2.1 LoRa Networks
LoRa physical layer uses Chirp Spread Spectrum (CSS) modulation,
enabling long-distance and low-power communication [16, 51].

Frequency Band. LoRa operates on license-free radio frequency
bands, such as 915 MHz in North America. It can transmit over long
distances of several miles or more in rural areas. In contrast, high-
frequency bands such as 2.4 GHz or 5 GHz used byWiFi have a short
communication range, typically limited up to 45 m indoors [12, 49].
This short communication distance makes it difficult to provide
coverage for orchards that span several acres.

Expected Signal Power (ESP). LoRa defines ESP to quantify
the received signal strength [10, 28, 29], which is derived from the
RSSI (Received Signal Strength Indicator) and SNR:

ESP = RSSI + SNR − 10 · log10
(
1 + 100.1SNR

)
(1)

where the unit of ESP and RSSI is dBm and the unit of SNR is dB.
RSSI and SNR are reported from the LoRa gateway for each packet.

2.2 Log-Normal Shadowing Model
The Log-Normal Shadowing model is widely used to predict the
received signal power [37]. The ESP of a received packet, 𝑃𝑟𝑥 , is
calculated as follows [37].

𝑃𝑟𝑥 = 𝑃𝑡𝑥 +𝐺𝑡𝑥 +𝐺𝑟𝑥 − 𝑃𝐿 (2)

where 𝑃𝑡𝑥 represents the transmission power in dBm, 𝐺𝑡𝑥 and
𝐺𝑟𝑥 denote the transmitting and receiving antenna gains in dBi,
respectively. The last term 𝑃𝐿 is the path loss in dB and can be
calculated using the Log-Normal Shadowing model [37]:

𝑃𝐿 (𝑑) = 𝑃𝐿 (𝑑0) + 10 · 𝑛 · log
(
𝑑

𝑑0

)
+ 𝑋𝜎 (3)

where the distance between a LoRa node and a gateway is denoted
as𝑑 in meters,𝑛 is PLE, and𝑋𝜎 is a zero-mean Gaussian distribution
with a standard deviation of 𝜎 . The reference path loss 𝑃𝐿 (𝑑0) is
obtained from field measurements at a reference distance of 𝑑0,
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Figure 1: The deployment layout of the almond orchard and illustration for different directions.
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Figure 2: The measured link quality (SNR) in the free space
and almond orchard for different communication distances.

where 𝑑0 is normally set to 1m [10]. Based on our collected packets,
we obtained an average 𝑃𝐿 (𝑑0) of 78.59 dBm.

2.3 Free Space Scenario
We conducted an experiment to measure the quality of LoRa links
in free space. Figure 1(a) shows that a LoRa node is placed at four
locations with communication distances of 0.5, 1.0, 1.5, and 2 km.
The nodes and gateway are installed on two poles with heights of
6 m and 10 m respectively. During the experiment, the nodes trans-
mitted packets periodically with SF10, 𝑃𝑡𝑥 = 14 dBm, a bandwidth
of 125 kHz, and a coding rate of 4/5.

Figure 2(a) depicts the experiment results. Even at a distance
of 1.5 km, the link’s SNR remains above the receiving sensitivity
threshold (i.e.,-7.5 dB for SF7). This indicates that LoRa nodes can
transmit packets using SF7 at distances of up to 1.5 km in free space.
However, the SNR at a distance of 1.0 km is lower than that at
1.5 and 2.0 km, primarily because buildings and trees obstruct the
propagation path, as illustrated in Figure 1(a). This highlights the
significant impact of blockages on link quality.

2.4 Orchard Scenario
Figure 1(c) depicts an almond orchard where trees are organized
tidily to facilitate uniform allocation of sunlight, water, and soil
nutrients. LoRa nodes and the gateway are deployed in orchards
as shown in Figure 1(b). The nodes are typically positioned on the
ground or attached to the main branches, measuring data related
to soil and tree health. The installation height is usually between
the ground and the canopy, less than 1.2 m (e.g., 0.45 m in our
implementation). Meanwhile, the gateway is mounted on top of a
pole or tower, providing long communication coverage, as shown
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Figure 3: The measured link quality (ESP) at different direc-
tions for two communication distances.

in Figure 1(d). Therefore, the signals from sensor nodes normally
pass through two mediums: free space and trees in orchards.

2.4.1 Short Communication Distance. We conducted an investiga-
tion of link quality in an almond orchard, as depicted in Figure 1(b).
Our measurements of the SNR were taken from 15 m to 90 m,
with 3 to 14 rows of trees between the sensor and gateway, and
the transmission settings were identical to those outlined in Sec-
tion 2.3. From Figure 2(b), we observed a significant reduction in
communication: at only 90 m, the SNR was -12.0 dB. As a result,
SF10 was necessary for a reliable communication distance of 90 m.
Conversely, SF7 was suitable for distances of 1.5 km in free space.
By fitting our collected data, we found that the PLE in the almond
orchard was 2.95. This value is larger than that of free space, in-
dicating a shorter communication distance, and reflects the high
path loss in the orchard caused by tree blockage.

2.4.2 Large Deviation at Different Directions. We then measured
the received signal strength in seven directions, ranging from 0◦ to
90◦ in 15◦ increments for a fixed distance, as depicted in Figure 1(c).
Figure 3 shows the ESP of the received signal at different directions
for communication distances of 80 m and 120 m. The dotted red
line represents the average ESP in seven directions for one distance.
The results indicate a significant variation in the signal ESP across
different directions, with discrepancies of up to 13 dBm, such as
-105 dBm versus -118 dBm at 0 degrees and 45 degrees.

According to Equation 3, the Log-Normal Shadowing model can
only predict one value for a given distance, as shown by the black
line in Figure 3. Although the predicted ESP with the Log-Normal
Shadowing model is close to the average ESP, with errors of less
than 1 dBm, the overall ESP error across all the collected data can
exceed 4 dBm due to the significant deviation in signal strength
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Free space path
Tree path

Figure 4: The illustration of the strawman solution.

across different directions. This finding motivates us to develop a
new propagation loss model that can account for the variation in
signal strength across different directions.

3 STRAWMAN SOLUTION
In this section, we explore a strawman solution tomodel link quality
in orchards. We first build a 3D profile for an orchard. Using this
profile, we specify the PLE in a Log-Normal Shadowing model.

3.1 3D Modeling of Orchards
Abstracting One Tree. Botanists have developed several detailed
tree models based on physiological knowledge [41]. However, these
models require precise measurements of the shapes of trunks,
branches, and leaves for all trees in an orchard, which is a labor-
intensive process. We adopt a simple solution proposed by Torrico
et al. [43]. It profiles the trunk as a cylinder and abstracts the crown
as an ellipsoid with varying horizontal and vertical radii, as shown
in Figure 1(b). To create a profile of a tree, we need to measure its
height, trunk height, canopy width, and trunk radius.

Abstracting an Orchard. Orchards typically have a uniform
layout, with trees being planted at the same time of year and ex-
hibiting similar shapes. To analyze an orchard, we adopt a Cartesian
coordinate system with the x-axis and y-axis representing the di-
rections along and across rows, respectively. We also measure the
distances between adjacent rows and adjacent trees in one row,
which determine the positions of all trees in the Cartesian coordi-
nate system.

Therefore, by adding just two parameters, we can extend tree
modeling to orchard modeling. With all of these parameters as
input, we can reconstruct the orchard as 3D shapes, which can be
translated into point clouds. Specifically, given the position of any
point, we can determine whether it falls within the foliage or not.

3.2 Adapting PLE with Line Shadowing
Figure 4 depicts the signal propagation path between a LoRa node
and a gateway, where the path is viewed as a direct line. The path
includes both free space and foliage portions, which can have dif-
ferent shadowing effects on the signals. Therefore, it is intuitive to
consider these two parts separately.

To achieve this, we calculate the free space and foliage portions
along the propagation path’s direct line, denoted as 𝑃𝑜𝑝𝑒𝑛 and
𝑃𝑓 𝑜𝑙𝑖𝑎𝑔𝑒 , respectively. To calculate the foliage portion 𝑃𝑓 𝑜𝑙𝑖𝑎𝑔𝑒 , we
equally split the direct line into numerous points. If a point is in the
tree, then the foliage points increase by 1; otherwise, the free space
points increase by 1. Finally, the foliage portion 𝑃𝑓 𝑜𝑙𝑖𝑎𝑔𝑒 is obtained
by dividing the foliage points by the total number of points, which
is similar to the free space portion calculation. The sum of these
portions should be equal to one.
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Figure 5: Comparison between LoS and NLoS settings.

As free space and foliage have different shadowing effects, they
have different PLEs in the Log-Normal Shadowing model. To ac-
count for this heterogeneity, we propose an adaptive PLE calcula-
tion approach. This involves separating the path into two types of
media (free space and foliage) and then recombining them together.

𝑃𝐿𝐸𝑐𝑜𝑚𝑏 = 𝑃𝑜𝑝𝑒𝑛 · 𝛼 + 𝑃𝑓 𝑜𝑙𝑖𝑎𝑔𝑒 · 𝛽 (4)

where 𝛼 is the free space PLE and 𝛽 is the PLE when the space is
filled with foliage. To determine the values of 𝛼 and 𝛽 , we perform
a least square fitting on a collected dataset. The final 𝑃𝐿𝐸𝑐𝑜𝑚𝑏 is a
compromise between the two values. For example, if 𝑃𝑜𝑝𝑒𝑛 = 1, it
means that no trees are present and the path can be treated as free
space. Once we have determined the 𝑃𝐿𝐸𝑐𝑜𝑚𝑏 , we can calculate the
total path loss using the Log-Normal Shadowing model.

From experimental results in Figure 13(c), the strawman solution
(marked as "LLog" in the figure) can provide different estimations in
different directions, but this model underestimates or overestimates
the path loss in some directions. The possible reason is that we
modeled the propagation path as a direct line. We only consider
the shadowing effect in the direct line, but the surrounding area
also plays a role in the signal propagation path.

4 THE DESIGN OF FLOG
This section presents a theoretical analysis of the LoRa signal prop-
agation in orchards and makes three key observations. We then
introduce a path loss model based on the FFZ theory.

4.1 Analysis of LoRa Signal Propagation
To accurately design a path loss model for orchards, it is crucial
to understand how the signal propagates within this environment.
Therefore, we conducted three preliminary experiments to investi-
gate the LoRa signal propagation characteristics in orchards.

4.1.1 Line-of-Sight Path Signal Strength. Typically, LoS paths are
expected to experience significantly lower propagation loss than
NLoS paths at the same distance [27]. In order to validate whether
this assumption holds true for the LoRa signal in orchards, we
conducted a series of controlled experiments.

Figure 5(a) shows the experimental setup where a gateway is
positioned at the lower-left corner, and four different locations are
selected to place LoRa nodes in varying directions but with the
same communication distance of 60 m between the gateway and
nodes. The gateway and nodes are placed at a height of 0.45m.
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Figure 6: The diffracted signal strength.

Locations #1 and #2 have a clear LoS propagation path, while lo-
cations #3 and #4 have an NLoS path that passes through two and
ten trunks, respectively. At each location, a LoRa node transmits
packets periodically for three minutes with an interval of 1.5 s.

According to Figure 5(b), location #3 with the NLoS path achieves
the highest ESP, which is even higher than the LoS path (i.e., location
#1 and #2). Furthermore, despite having ten trunks in location #4,
this NLoS path still attains a comparable ESP to the LoS settings at
locations #1 and #2. In summary, we conclude that:

Observation 1: For LoRa propagation in orchards, the LoS path
does not guarantee a low propagation loss.

4.1.2 Diffracted Signal Strength. Diffraction refers to the propa-
gation of waves behind an obstruction. We conducted controlled
experiments to evaluate the significance of the diffracted waves.

Figure 6(a) shows the setup of experiments, where the green
circles represent tree trunks. In both settings #1 and #2, there is one
trunk located between the nodes and the gateway. The difference is
that in setting #2, the trunk is positioned very close to the gateway
antenna, resulting in significantly weaker diffracted waves [31, 52].

Although setting #3 has five trunks between the gateway and
node, resulting in weaker penetrating signal power, Figure 6(b)
shows that its signal power is similar to that of setting #1. We can
also see that setting #2 exhibits the lowest signal strength, with a
difference of more than 6 dBm compared to setting #1 and 4 dBm
compared to setting #3. This leads us to the second observation:

Observation 2: Comparing setting #1 with #2, diffraction plays a
crucial role in LoRa signal propagation. Comparing setting #1 with
#3, the signal power from diffraction outweighs the power transmitted
in the direct line.

4.1.3 Ground Absorption. Signal propagation in orchards can be
impacted by the low height of nodes, resulting in the absorption
of signal energy by the ground. To investigate this effect on signal
power, we conducted experiments in a free sand region without any
obstacles. The experiments involved fixing the horizontal distance
at 100 m and maintaining the sensor height at 0.45 m while varying
the gateway height to 0.5 m, 1 m, and 1.5 m, as illustrated in Fig-
ure 7(a). The results, shown in Figure 7(b), reveal that increasing the
gateway height leads to an increase in the received signal power.

Observation 3:When the sender and receiver are in close prox-
imity to the ground, a significant portion of the signal power can be
absorbed by the ground.

All of these observations demonstrate that the link quality can
be influenced by the surrounding objects, and the "path" cannot be
considered as simply the direct line between the sender and receiver.

The Ground
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Figure 7: The effect of ground absorption.

Figure 8: The illustration of FFZ.

Instead, more attention should be given to the surrounding regions
along the signal propagation path when estimating path loss. To
address this issue, we propose the use of FFZ theory in path loss
calculations, as it takes into account the surrounding environment.

4.2 First Fresnel Zone for LoRa
The FFZ refers to the 3D ellipsoid region around the direct path
through which the received signal passes. Figure 8 illustrates that a
point P lies on the surface of the FFZ if and only if:√︃

𝑑21 + 𝑟2 +
√︃
𝑑22 + 𝑟2 = (𝑑1 + 𝑑2) +

_

2
(5)

where _ refers to the wavelength. This equation quantifies confocal
prolate ellipsoidal-shaped regions with the sender and receiver
located at two focal points. This theory suggests that all media
within the FFZ shadows signals, not just media along direct path.

Based on Equation 5, the volume of the FFZ increases proportion-
ally with wavelength. LoRa operates on the unlicensed frequency
band of 902 MHz in America, which is much lower than other wire-
less technologies like 802.11 on 2.4 GHz, and 5 GHz. Therefore, the
FFZ for LoRa is typically large. For instance, at a distance of 100m,
the maximum radius of the FFZ could be more than 2.8m. This
highlights the need to quantify the shadowing of the surrounding
area, rather than solely relying on the direct path in LoRa.

4.3 FLog Design
In this section, we provide the details of FLog, including PLE calcu-
lation, media portion quantification, and parameters fitting.

4.3.1 PLE Calculation. Except for the foliage and free space, we
also need to consider the ground shadowing effect. Because the
FFZ of the LoRa signal has intersections with the ground due to the
low height of sensor nodes. Therefore, we update PLE calculation
Equation (4) as follows:

𝑃𝐿𝐸𝑐𝑜𝑚𝑏 = 𝑃𝑜𝑝𝑒𝑛 · 𝛼 + 𝑃𝑓 𝑜𝑙𝑖𝑎𝑔𝑒 · 𝛽 + 𝑃𝑔𝑟𝑜𝑢𝑛𝑑 · 𝛾 (6)
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where two new variables, 𝑃𝑔𝑟𝑜𝑢𝑛𝑑 and 𝛾 , are introduced to rep-
resent the ground shadowing effect. The values of 𝛼 , 𝛽 , and 𝛾 cor-
respond to the PLEs when the wireless signal propagates through
free space, foliage, and ground, respectively. The portion of free
space, foliage, and ground in the FFZ is denoted by 𝑃𝑜𝑝𝑒𝑛 , 𝑃𝑓 𝑜𝑙𝑖𝑎𝑔𝑒 ,
and 𝑃𝑔𝑟𝑜𝑢𝑛𝑑 , respectively. The final 𝑃𝐿𝐸𝑐𝑜𝑚𝑏 in the FFZ is obtained
as a weighted combination of 𝛼 , 𝛽 , and 𝛾 , where the correspond-
ing weights are 𝑃𝑜𝑝𝑒𝑛 , 𝑃𝑓 𝑜𝑙𝑖𝑎𝑔𝑒 , and 𝑃𝑔𝑟𝑜𝑢𝑛𝑑 . In an orchard, all the
pairs of senders and receivers share the same 𝛼 , 𝛽 , and 𝛾 , but have
different final 𝑃𝐿𝐸𝑐𝑜𝑚𝑏 due to the varying combination weights.
The next two subsections explain how to determine the values of
these six parameters.

4.3.2 Media Portion Quantification. The weights of each media in
an FFZ are calculated by computing the volume of each media and
dividing it by the total volume of the FFZ. However, computing
this volume requires solving a triple integral in a constrained 3D
space, which is computationally intensive and time-consuming. In
this paper, we used a sampling approach by dividing the FFZ into
multiple planes with equal spacing. Each plane was then further
sampled into numerous points.

Specifically, we incremented the number of corresponding media
points by one if a sampling point was located within that media.
For example, if a sampling point was in free space, we incremented
the free space points by one. The portion of each media was then
calculated by dividing the number of points contained in that media
by the total number of points in the FFZ. Therefore, the sum of the
portions for all three media types should be one.

Sampling Planes. The first sampling plane is located at 𝑑0 =
1𝑚, which is the reference distance in the Log-Normal Shadowing
model. The remaining sampling planes are equally spaced at an
interval of 𝑝_𝑔𝑎𝑝 . We empirically set 𝑝_𝑔𝑎𝑝 = 0.25𝑚.

The number of sampling points in each plane varies and is pro-
portional to the signal energy in the plane, which is calculated by
multiplying the power flux density by the area of the plane. The
radius of the plane can be determined via Equation 5. The power
flux density of a sampling plane decreases proportionally to the
square of the distance [37], i.e., 4𝜋𝑑2, indicating that the number
of sampling points in each plane should similarly decrease with
distance. Therefore, the total number of sampling points on a plane
𝑖 is given by 𝑁 𝑖

𝑝𝑙𝑎𝑛𝑒
= 𝑁𝑟𝑒 𝑓 · 𝑆𝑖 / 4𝜋𝑑2𝑖 , where 𝑁𝑟𝑒 𝑓 is a constant

that can be adjusted to control the total number of sampling points,
𝑆𝑖 is the area of plane 𝑖 , and 𝑑𝑖 is the distance between the sender
and the plane 𝑖 .

Sampling Points in a Plane. A sampling plane 𝑖 contains
𝑁 𝑖
𝑝𝑙𝑎𝑛𝑒

sampling points. To determine the locations of these points
in the plane, we first locate the central point of the plane, which
serves as the first sampling point. We then divide the plane into
multiple circles with varying radii, each centered at the central
point. At each circle, we sample 𝑁𝑠𝑎𝑚𝑝𝑙𝑒 points with equal arc
length. Due to the diffraction loss, the power flux density of the
received signal is greater at the center of the plane than at the
edges [31, 52]. we accordingly set the radii of the circles to increase
quadratically from the central point to the edge of the plane.

4.3.3 Media PLE Fitting. To calculate the final 𝑃𝐿𝐸𝑐𝑜𝑚𝑏 in Equa-
tion (6), we also need to determine the values of 𝛼 , 𝛽 , and 𝛾 . The
process for obtaining these values is outlined below.

Since soil properties typically remain stable in orchards, we
assume that 𝛾 is constant. To determine its value, we utilized non-
foliage data from Figure 7 and applied the least square algorithm
to Equation (6), where 𝑃𝑓 𝑜𝑙𝑖𝑎𝑔𝑒 = 0 and 𝛼 = 2. This yielded a value
of 𝛾 = 5.39, which will serve as the default for the remainder of the
paper unless otherwise noted.

To determine the values of parameters 𝛼 and 𝛽 , we collected
packets at multiple pairs of transceivers in our testbed, as described
in Section 5.1.4. For each pair, we calculated three portions: 𝑃𝑜𝑝𝑒𝑛 ,
𝑃𝑓 𝑜𝑙𝑖𝑎𝑔𝑒 , and 𝑃𝑔𝑟𝑜𝑢𝑛𝑑 . We then combined Equations (1), (2), and
(3) to obtain the final 𝑃𝐿𝐸𝑐𝑜𝑚𝑏 , using the RSSI and SNR values
obtained after receiving a packet. Thus, the only unknown variables
in Equation (6) were 𝛼 and 𝛽 . We then employed a least square error
fitting algorithm to determine the optimal values of 𝛼 and 𝛽 .

4.3.4 Parameter Adaptation Mechanism. The parameters in Equa-
tion (6) may change along with the environmental dynamics, which
can be categorized into four scenarios:

(1) Short-term environmental noise variation.
(2) Transient weather changes, e.g., temperature or precipita-

tion.
(3) Foliage density changes on a yearly cycle due to the growth

and loss of leaves and fruits.
(4) Long-term foliage shape changes. The shape of foliage

changes as the trunk and branches grow over several years.

Tomitigate the impact of dynamic (1), we collect multiple packets
to compute the average signal power as the reference signal power
at a given location. Environmental dynamics (2) and (3) can affect 𝛼
and 𝛽 in Equation (6). We use the N most recently received packets
from all sensor nodes to calibrate these two parameters. When a
new packet is received, we obtain its measured ESP. The ESPs of
the past 𝑁 packets from M nodes will form 𝑁 × 𝑀 equations to
calibrate 𝛼 and 𝛽 , as shown in the example equations below (where
𝑖 = 1, 2, . . . , 𝑁 and 𝑗 = 1, 2, . . . , 𝑀):



𝑃𝐿𝐸11 = 𝑃open1 · 𝛼 + 𝑃foliage1 · 𝛽 + 𝑃ground1 · 𝛾
.
.
.

𝑃𝐿𝐸𝑖
𝑗
= 𝑃open𝑗

· 𝛼 + 𝑃foliage𝑗 · 𝛽 + 𝑃ground𝑗 · 𝛾
.
.
.

𝑃𝐿𝐸𝑁
𝑀

= 𝑃open𝑀 · 𝛼 + 𝑃foliage𝑀 · 𝛽 + 𝑃ground𝑀 · 𝛾

(7)

The new 𝛼 and 𝛽 could be fitted by employing the non-linear least
square algorithm on the set of equations shown above. We empiri-
cally set 𝑁 = 5. Note that all links in an orchard at the same cycle
share the same 𝛼 , and 𝛽 .

Dynamic (4) refers to changes in the 3D profile of the orchard,
which affect 𝑃𝑜𝑝𝑒𝑛 and 𝑃𝑓 𝑜𝑙𝑖𝑎𝑔𝑒 in Equation (6) for all nodes, but
not 𝛼 and 𝛽 . To handle this dynamic, it is necessary to remeasure
the tree height, trunk height, and canopy width to rebuild the 3D
profiles. This is expected to be done every year or even longer.
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4.4 Workflow of FLog
The farmer provides input parameters for generating the 3D or-
chard, and FLog estimates the link quality between any two lo-
cations in the orchard based on these parameters. The user can
choose a configuration that they think is best suited for their or-
chard. Specifically, FLog requires the following parameters from
the user: tree profile, layout, and deployment parameters.

(1) Tree Parameters: Tree height, trunk height, and canopy
width: They are used to build the 3D profile of a single tree.
As the growth accumulates, the user may measure these
parameters every year or longer.

(2) Layout Parameters: The distances between adjacent rows
and adjacent trees in one row are required for the layout
configuration. These factors will never change. Sometimes
there might be several blank positions for removed dead
trees. FLog also accepts such input or updates.

(3) Sensor and gateway position (optional): If the application re-
quirements dictate the placement of the sensor and gateway,
the user should input their designated positions. Or we can
determine the optimal position based on our FLog model.

Using the parameters outlined above, FLog creates an FFZ be-
tween any two locations in orchards. It then calculates the portion
of foliage, free space, and the ground within this zone and esti-
mates the link quality via Equations (2), (3), and (6). Additionally,
FLog utilizes a parameter resetting mechanism to tune our model’s
parameters, which adapts to different environmental dynamics.

4.5 Applications of FLog
FLog can be used to deploy and operate a LoRa network in orchards,
e.g., determining gateway coverage, sensor placement, and network
resource allocation. We use gateway coverage as an example to
demonstrate the application of FLog in a LoRa network deployment.

4.5.1 Gateway Coverage Estimation Application. Our path loss
model can estimate gateway coverage by determining if a gate-
way can cover a specific location. Specifically, if the Packet De-
livery Ratio (PDR) exceeds 80%, a gateway could cover a given
location [53, 56]. Thus, our path loss model can estimate the PDR
prior to deploying LoRa networks.

Packet Delivery Ratio. PDR can be estimated by the Bit Error
Ratio (BER) and packet size, which is calculated as follows:

𝑃𝐷𝑅 = (1 − 𝐵𝐸𝑅)8·𝑆𝑝 (8)

where 𝑆𝑝 is the packet size in bytes, e.g., 8 bytes in our implemen-
tation; the BER calculation is provided in [36]. Signal-to-Noise
Ratio. Equation (1) can be used to calculate the SNR if the ESP and
RSSI are known. Our path loss model can predict the ESP for any
pair of nodes and gateway. Additionally, we calculate the received
RSSI by averaging all collected data. In this way, we can compute
the expected SNR as follows:

SNR = 10 · log10
1

10
RSSI − ESP

10 − 1
(9)

In Section 5.4, we will compare the predicted gateway coverage
using three path loss propagation models when SF = 7.

4.5.2 Benefits for Farmers. We will use the example of gateway
coverage estimation to analyze the benefits for farmers offered
by FLog. If the estimated propagation path loss is greater than
the actual value, more gateways will be required than necessary,
leading to an increase in gateway building costs. Conversely, if
the estimated path loss is less than the actual value, some nodes
may not be able to connect with gateways, rendering the sensor
network incomplete and unsuitable for practical applications. Thus,
an inaccurate model can significantly impact the efficiency and
effectiveness of the sensor network. In Section 5.4, we quantify the
benefits using real measurements in a specific orchard.

4.5.3 Other Application Scenarios. Theoretically, FLog could be
utilized in wild forests or urban areas as long as an accurate 3D
model can be generated and the portion of each medium can be
obtained. However, trees in forests are irregularly placed and differ
in species, age, and shape, making it highly labor-intensive and
impractical to survey and map them all. Moreover, urban buildings
are constructed using different materials and have varying PLEs.
Additionally, large smooth surfaces on buildings create mirroring
reflections, resulting in reflection-based multipath being the major
component, which is different from the orchards. Future work could
explore ways to adapt our model to wild forests and urban areas in
a lightweight manner.

5 EVALUATION
We evaluate the overall performance of FLog in Section 5.2, Then, we
investigate the performance under different factors in Section 5.3,
followed by the performance on the application study in Section 5.4.

5.1 Experiment Setting
5.1.1 Hardware Implementation. LoRa nodes are hand-crafted with
SX1276 Radio [2] on the Arduino Uno host boards [3]. They are
equippedwith a 3,000mAh power bank. Theywork in the frequency
band 904.3 MHz. The gateway executes a thread of LoRa Packet
Logger [1] that demodulates packets and stores them as comma-
separated values (CSV) files. Ourmodel is implementedwith Python
on a PC with an Intel(R) Core (TM) i9-11900KF @ 3.50 GHz CPU
with 16 cores.

5.1.2 Benchmarks. We compare the performance of FLog with the
following two baselines.

• Log-Normal Shadowing Model [37]. It is calculated by Equa-
tion 3. We use the collected data to fit PLE in the orchard
scenario. It is referred to as "Log".

• Line-based Log-Normal Shadowing Model. It is our strawman
solution, which is introduced in Section 3. We call it "LLog".

5.1.3 Performance Criteria. The prediction accuracy of models is
quantified by errors between the predicted ESP and the correspond-
ing actual value for each packet. The unit of errors is dBm.

ESP error = (𝑦𝑖 − 𝑦𝑖 ) (10)

where 𝑦𝑖 is the measured ESP for the i-th received packet and 𝑦𝑖 is
the predicted value.

5.1.4 Experiments in an Almond Orchard. We chose almond or-
chards as the main focus of our evaluation since they are a critical
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agriculture industry in the US. In 2021, the US produced 2.5 billion
pounds of almonds, with a value of over 7 billion dollars [44]. More-
over, the estimated almond acreage in California was 1.64 million
acres, making it the largest producer of almonds in the world [44].
We also tested FLog in a walnut orchard, which is another dominant
arbor crop worldwide.

Figure 9 shows locations of LoRa nodes and a gateway in an
almond orchard with a size of 200 × 200𝑚2. In this orchard, trees
are planted in lines with a distance of 4.88 m, and lines are separated
by 6.66 m. The almond trees are 6.1 m in height and 2.8m in width
on average. The heights of the LoRa node and the gateway are set
as 0.45 m and 10 m. Transmitting and receiving antenna gains (𝐺𝑡𝑥 ,
𝐺𝑟𝑥 ) are 5 dBi and 3 dBi, respectively. The transmission power is
14 dBm, SF is 10, bandwidth is 125 kHz, and coding rate is 4/5.

5.1.5 Datasets. Wemeasure the received packets at a large number
of locations in an orchard. We also conduct experiments at some
locations for months.

Spatial Dimension Dataset. As shown in Figure 9, the gateway
is located in the lower-left corner of one of the 90-degree fan-shaped
areas of the orchard. We have deployed LoRa nodes at 56 locations
across this fan-shaped area to collect packets. For each received
packet, we calculate the ESP by using its RSSI and SNR. The nodes
are placed at communication distances ranging from 20 m to 160 m,
with a step size of 20 m.Wemeasured seven directions ranging from
0 to 90 degrees, with a step size of 15 degrees. At each location, the
nodes transmit an 8-byte packet to the gateway every 1.5 seconds
for a duration of 1.5 minutes. The experiment was conducted for a
duration of 10 hours in the autumn of 2022, and 2900 packets were
collected in total.

Temporal Dimension Dataset. Four LoRa nodes are deployed
at four locations randomly selected from Figure 9 to collect data over
four weeks in the spring (January and February 2023). We collected
data continuously for 24 hours each week, resulting in a dataset of
69,173 packets. The dataset contains three environmental dynam-
ics: (1) Short-term environment variations. (2) Transient weather
changes, including temperatures ranging from 26.2 to 65.5◦F and
precipitation ranging from 0 to 0.15 inch/hour. (3) Foliage density
changes. In the final week of the four-week period, almond trees
started to bloom with flowers. By combining this with the spatial
dimension data, foliage density can be classified into three cate-
gories: trees with dense leaves, trees without leaves, and trees with
flowers. The long-term foliage shape changing (Dynamic 4) was
emulated by collecting data in another almond orchard, where the
almond trees have a height of 4.5 m and width of 2.6 m, which are
different from the trees in the prior experiments.

Fitting and Testing Data. In the spatial dimension dataset, we
usedmeasurements collected from four randomly selected distances
to fit the parameters in our path loss models, such as 𝛼 and 𝛽 . These
measurements are referred to as fitting data. The data from the
remaining four communication distances were used as testing data.
To obtain the optimal parameter values on the fitting data, we em-
ployed the least square approximation method. These parameters
were then used to estimate the link quality on the testing data.

20 m
𝟎°

𝟏𝟓°

𝟑𝟎°

𝟒𝟓°

𝟕𝟓°
𝟔𝟎°

𝟗𝟎°

Figure 9: The testbed layout in an almond orchard.

5.2 Overall Performance
We evaluated the performance of FLog and benchmarks on both
spatial and temporal dimension data.

5.2.1 Spatial Dimension. In the fitting and testing data, four com-
munication distances were randomly selected from eight distances
in our testbed. Therefore, there are

(8
4
)
= 70 combinations to se-

lect the fitting and testing data. For each set of fitting data, we
obtained corresponding fitted values of 𝛼 and 𝛽 . After analyzing
all 70 combinations, we found that the mean value of 𝛼 was 1.98
with a standard deviation of 0.11, while the mean value of 𝛽 was
5.07 with a standard deviation of 0.17. We report all the estimation
errors for these 70 combinations in Figure 10(b).

The ratio between the fitting data and testing data is 4:4, based
on the number of communication distances. We also evaluated our
model with ratios of 5:3 and 6:2. The settings of 5:3 and 6:2 had a
similar performance to the ratio of 4:4, with a negligible difference
in average estimation error of 0.09 dBm and 0.04 dBm. Therefore,
we only report the results for the ratio of 4:4.

Communication Distance. Figure 10(a) presents the estimated
curves of Log with changing communication distances. We do not
draw the curve of the LLog and FLog because they have different
estimated values in different directions for a given distance, while
the Log model has only one value for each distance. Figure 10(b)
quantifies the estimation error for different models in the CDF
curve (cumulative distribution function). The average error of FLog
is only 2.85 dBm, showing substantial performance improvement
over other models in terms of link quality estimation. In particular,
FLog decreases the ESP estimation error of Log and LLog by 42.7%
and 35.2%, respectively. This is because Log does not consider the
influence of direction on the received signal power and can only
estimate the received signal power based on the communication
distance in Equation 3.

Although LLog is aware of the ESP variation in different direc-
tions, it only considers the obstacle of lines between the LoRa node
and gateway. However, the signal is concentrated in the FFZ based
on the diffraction theory [37] and our preliminary experiments in
Section 4. Therefore, FLog developed a more reasonable model to
consider the shadowing effects in the FFZ.

Direction. Figures 10(c-d) present the fitted curves of all models
and the estimation errors with different directions at a horizontal
distance of 60m. It is observed that Log is unaware of directions
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Figure 10: The overall performance of three models for different communication distances and directions. Figure (a) does not
draw the fitted curve of the LLog and FLog, it is because they have different estimated values at different directions for one
communication distance. Figure (c) plots the estimated value in different directions when the horizontal distance between
LoRa nodes and the gateway is 60 m. The curve of the Log model is a horizontal line, which could not handle the direction.

Table 1: The ESP estimation error for three path loss models.

Models Weissberger ITU-R COST235 O-H
ESP Error (dBm) 41.6 111.2 87.4 12.7

and thus provides a horizontal line as the estimated curve, which
remains unchanged for different directions. Although LLog con-
siders the influence of direction, it produces unstable performance.
At direction 75◦, LLog produces the largest error, that is, 5.93 dBm.
This is due to the fact that LLog considers only the shadowing in
the line of the propagation path, which results in overestimating or
underestimating the ESP of the received signal. FLog considers all
the shadowing in FFZ and jointly calculates them.

Empirical Foliage Loss Models. Table 1 presents the average
estimation ESP error on the test data for four different foliage loss
models, including Weissberger [46], ITU-R [4], COST235 [19], and
Okumura-Hata models [10]. As we can see, these foliage models
provide the lowest prediction accuracy compared with the Log,
LLog, and FLog models. There are three main reasons for this.

Firstly, the above foliage loss models are developed using dif-
ferent wireless signals, such as WiFi. However, different wireless
signals have different attenuation on the same foliage since the
wavelength is different. Thus, the empirical models cannot be di-
rectly applied to our scenarios. Secondly, these loss models have
no adjustable parameters to adapt to different scenarios. However,
the Log-Normal Shadowing model can adapt to various situations
by fitting its parameters, such as PLE. Hence, it can perform well if
we fit it with the collected data on the specific case, compared with
those path loss models with fixed parameters. Thirdly, those models
cannot handle the ESP deviation in different directions. This is sim-
ilar to the Log-Normal Shadowing model. They can only consider
the effect of the communication distance on the signal strength,
but not on other factors such as direction and surrounding trees.

5.2.2 Temporal Dimension. We use the temporal dimension data to
test the models’ performance on the three different environmental
dynamics. We apply our parameter resetting mechanism to all
path loss models, which uses the most recently received packets to
calibrate models’ parameters. Note that the environmental dynamic
(1) was addressed by averaging the received ESP of multiple packets.

Environmental Dynamic (2): transient weather changes.
We first obtain the temperature and precipitation from a weather
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Figure 11: The impact of the environmental dynamic (2):
transient weather changes.

station [40]. Next, we group the data based on the corresponding
temperature and precipitation at the time of collection. Figure 11
illustrates that all the models can benefit from the parameter re-
setting mechanism. Specifically, models achieve no increased ESP
prediction error for different temperatures and precipitation levels.
Our system, FLog, still on average outperforms Log and LLog by
39.8% and 41.5% for different temperatures respectively. The ex-
perimental results show that FLog consistently outperforms the
baseline models, Log and LLog, for different temperatures. This
indicates the effectiveness of our parameter resetting mechanism
in adapting to dynamic (2). This is reasonable because the proposed
mechanism can adjust the values of parameters 𝛼 and 𝛽 based on
the recently received packets. We analyzed the received ESP of
LoRa signals under different temperature and precipitation condi-
tions. Our findings indicated that the difference in signal power
at different temperatures or precipitations was small. This small
difference may be attributed to the effects of atmospheric and vapor
molecules on electromagnetic waves, which become more apparent
at frequencies exceeding 10 GHz. However, the absorbance for 900
MHz bands at short distances (< 50 km) is negligible [30].

Environmental Dynamic (3): foliage density changes. In the
spatial and temporal dimension dataset, foliage density has three
statuses: trees with dense leaves, trees without leaves, and trees
with flowers, which are referred to as "AUT", "SPR w/o f", and "SPR
w/ f", respectively. We use our proposed parameter resetting mech-
anism to adapt to this dynamic. Figure 12 illustrates the received
signal power and ESP estimation error for the three foliage density
statuses. Figure 12(a) indicates that foliage density significantly
impacts the received signal power. FLog handles foliage density
variations by continuous parameter refitting scheme. In particular,
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Figure 12: The impact of the environmental dynamic (3):
foliage density changes.
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Figure 13: The impact of the environmental dynamic (4):
long-term foliage shape changes.

Figure 12(b) shows that FLog is capable of adapting well to this
dynamic, with estimation errors of 2.85, 3.61, and 1.42 dBm across
three foliage density states.

EnvironmentalDynamics (4): long-term foliage shape changes.
We collected data at another almond orchard to evaluate the impact
of different growing conditions on our proposed method, which we
refer to as environmental dynamic (4). The transmission settings
of the nodes were the same as those used in the testbed, and we
collected data at three communication distances with seven differ-
ent directions (0°, 15°, 30°, 45°, 60°, 75°, and 90°). We used the fitted
parameters from the testbed data to estimate the link quality in the
new orchard. To reconstruct the 3D structure, FLog requires mea-
suring one tree, as described in Section 4.4. The new 3D structure
will be used to calculate 𝑃𝑜𝑝𝑒𝑛 , 𝑃𝑓 𝑜𝑙𝑖𝑎𝑔𝑒 in Equation (6).

The results, shown in Figure 13, indicate that FLog achieved an
average estimation error that was reduced by 48.3% and 16.2%, com-
pared to Log and LLog, respectively. Figure 13(a) shows that the Log
model could roughly fit the measured signal over the communica-
tion distance. However, FLog’s performance was comparable to the
overall performance reported in Section 5.2, with an average ESP
of 2.51 dBm compared to 3.42 dBm for Log. This confirms that FLog
is insensitive to different almond fields and growing conditions.

Figure 13(b) illustrates that LLog achieved a similar ESP error to
FLog. This could be attributed to the smaller shape of trees in this
orchard, and LLog generates a smaller shadowing media portion,
closer to that of FLog. The statistics indicate that the two methods
had comparable estimations of 𝑃𝑓 𝑜𝑙𝑖𝑎𝑔𝑒 , averaging 0.17 and 0.24.
Hence, LLog delivers a performance comparable to FLog.

5.3 Generalizability of FLog
The results of the aforementioned experiment demonstrate the
effectiveness of our model in almond orchards. We also conducted
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Figure 14: The impact of the orchard species.

further studies to evaluate the performance of our system under
various experimental settings, including different orchard species,
different gateway, and sensor heights. It’s worth noting that the
collected data was solely used to test all models with parameters
that were fitted from previous fitting data.

5.3.1 Impact of Orchard Species. Since different types of orchards
may exhibit varied shadowing effects, it is intuitive to have different
𝛽 values for other species. Given that walnut trees share a relatively
different foliage shape and density with almonds, we chose it to
evaluate the generalizability of FLog.

To fit parameters in a walnut orchard, we collected data at a
horizontal distance of 50 m and 90 m in three directions (30◦, 60◦,
and 90◦). We then utilized three path loss models with newly fitted
parameters to estimate the link quality in the same walnut orchard,
the evaluation is conducted on the data collected at 70 m in three dif-
ferent directions (30◦, 60◦, and 90◦). All other transmission settings
remained the same as the testbed.

As shown in Figure 14(a), similar trends were observed in the
walnut orchard as in the almond orchard, i.e., the ESP of the re-
ceived signal decreased with increasing communication distance.
Figure 14(b) reports the CDF of the ESP estimation error for differ-
ent models, which shows that FLog provides the highest estimation
accuracy. Specifically, FLog reduced the error by 15.4% and 18.0%
for the Log and LLog models, respectively.

5.3.2 Impact of Transmission Parameters. To evaluate the robust-
ness of FLog, we conducted controlled experiments to study the
effects of various parameters on our model. Theoretically, transmis-
sion power, antenna gain, frequency, and SF do not have a direct
impact on the path loss exponent, which is what the link quality
models aim to estimate. The packet size may slightly affect the
calculation of SNR on the hardware and thus lead to a variation
in ESP. Figure 15 and Figure 16(a) shows the estimation error for
different SFs, frequency bands, and packet sizes, and the results
demonstrate that none of these parameters have a significant effect
on the ESP.

5.3.3 Impact of Sensing Cycle. We utilize the most recently re-
ceived 𝑁 packets to perform the parameter resetting mechanism,
where 𝑁 is set to 5. The performance of this mechanism may be
influenced by the sensing cycle, which is the time between two
adjacent transmitted packets. In our testbed, each node sends 45
packets every 15 minutes with a 20-second interval. To simulate
a 15-minute sensing cycle, we use the first, 46th, 91st, 136th, and
181st packets to recalibrate our model’s parameters, which are then
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Figure 15: The impact of SF and frequency.
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Figure 16: The impact of packet size and sensing cycle.

used to predict the link quality of the 226th packet. This allows us
to employ our parameter resetting mechanism at different sensing
cycles. Figure 16(b) shows the error bars with different sensing
cycles for three models, depicting the standard deviation from the
average. We can find that the duration of the sensing cycle has
a minimal impact on the performance of our model. Specifically,
compared to a sensing cycle of 20 s, the estimation errors of FLog
increase by 0.87%, 4.03%, and 9.56% with sensing cycles of 3 min, 15
min, and 1 hour. Figure 17 illustrates the received signal power over
a period of four weeks. It can be observed that the link quality at
a particular location in the orchards remains relatively consistent,
indicating that changing the sensing cycle has minimal impact on
the estimation error.

It should be noted that for node #1, there were two significant
changes in ESP at packet indexes 4,316 and 8,633, respectively.
The first change occurred due to a gusty wind that caused the
waterproof cover behind the antenna to lift up like a reflection
mirror, resulting in a significant increase in ESP. The cover was
manually recovered at the second change point, which caused the
ESP to return to normal levels. Although this incident caused an
increase in errors, its impact on the comparison between different
sensing cycles is negligible. This is because two outliers would
only affect five estimations in our parameter resetting mechanism.
Secondly, during the last week of the four-week period, almond
trees began to bloomwith flowers, resulting in a significant decrease
in the received LoRa signal power for all four nodes, starting from
the packet index of 12,952.

5.4 Gateway Coverage Estimation
In this section, we evaluate the ESP estimation error using newly
collected data from a new almond orchard. To estimate the gate-
way coverage, we collected data in a new manner as illustrated
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Figure 18: The illustration of collecting data in a new almond
orchard for the gateway coverage estimation.

in Figure 18. The orchard was divided into multiple grids with an
equal size of 19.2 𝑚 × 19.2 𝑚, resulting in a total of 8 × 8 grids.
The transmission settings were kept the same as in the testbed. We
collected 40 packets at each grid and used the average ESP of the
received 40 packets as the ESP ground truth.

ESP Estimation. Figure 19(a) displays the average ESP mea-
surements at each grid, demonstrating that ESP decreases as com-
munication distance increases. To predict ESP values, we used the
fitted parameters for the three models in the testbed. Figures 19(b-d)
depicts the estimated ESP with Log, LLog, and FLog models. The
Log model typically underestimates ESP, producing a darker blue,
whereas the LLog model tends to overestimate ESP, resulting in a
lighter blue. The generated ESP map using FLog is the most similar
to the ground truth, indicating the lowest ESP estimation error.

PDR Estimation. PDR can be used as an indicator of the gate-
way coverage map. If PDR is greater than 80% [53, 56], we consider
the grid to be covered by the gateway for a specific SF. We also
compute the groundtruth of the PDR in each grid by dividing the
number of correctly received packets by the total number of sent
packets.

The results show that SF7 can cover a large portion of the grids
with a PDR of 100%. FLog achieves the average estimation error of
0.14, significantly lower than 0.26 and 0.46 of Log and LLog. Log
underestimates the ESP of the received signal, ending up estimating
that only eight grids can be covered, while LLog overestimates the
received ESP, predicting that the gateway can cover almost all grids.

Reducing Construction Cost of Gateways. Given the cost
of building a gateway with a height of 10 m consuming $15,400,
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Figure 19: The ESP groundtruth and prediction results of three models on an almond orchard with 8 × 8 grids.
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Figure 20: The measured PDRs and corresponding PDRs predicted by three propagation models in an almond orchard.

building fewer gateways while maintaining reliable link quality
would be advantageous.We use the above almond orchard with a 10-
acre orchard as an example. FLog suggests only two gateways with a
height of 10 m to cover all nodes and it ends up with communication
failure. In contrast, Log suggests using seven gateways, which
would increase the cost of building gateways to 107,800 dollars.
On the other hand, LLog suggests using only one gateway, but
with communication failure in approximately 20% of the area. Such
failures can lead to water waste or yield drop, negatively affecting
the performance of many smart agricultural applications [11, 25].

6 RELATEDWORK
Modeing LoRa Link Quality. There have been numerous empiri-
cal studies conducted on the LoRa link quality [5, 6, 8, 10, 13, 21–
23, 29, 34, 38, 42, 50]. Adrian et al. [54] select locations of sensors
and gateways to provide an LoS signal propagation path in FFZ.
FLog models LoRa link quality in orchards by taking into account
shadowing features in a fine-grained manner using FFZ. Silvia et
al. [10] utilize remote sensing to quantitatively analyze the com-
position of land covers along LoRa links. Based on the dominant
land-cover type along the link, they decide the right version of the
Okumura-Hata model from two variants [20, 32, 37]. However, their
method is not applicable in orchard scenarios for two reasons. 1)
Since orchards typically only have one type of land cover (i.e., trees),
their method will ignore local spatial shadowing features such as
the amount of space blocked by trees between the sensor nodes
and the gateway. 2) The Urban model has deterministic parameters
that are empirically fitted for cellular signals, which are typically
received by base stations with high antenna heights, unlike LoRa
gateways used in orchards.

Extensive measurements [5, 13, 21, 23, 50] have been conducted
in various environments, such as indoor, urban, rural, and multi-
floor buildings. Based on these measurements, empirical path loss

models have been derived. Although these models have a good
performance on the collected data, they do not consider the unique
features of orchards, e.g., large deviations of the received signal
powers in different directions. In contrast, FLog is a model based
on FFZ theory, which can capture the wireless signal propagation
mediums in orchards through 3D modeling.

Foliage Effect on Wireless Signals. It has been found that
foliage can significantly affect link quality [24]. Several empirical
foliage loss models have been proposed, such as the Weissberger
model [46], ITU Recommendation (ITU-R) model [4], and COST235
model [19]. However, using these models in orchards is challenging
due to three reasons. Firstly, they use wireless signals with different
frequency bands, leading to different attenuation. Secondly, most
of these models are deterministic, without adjustable parameters
to adapt to different orchards. Thirdly, they cannot handle large
deviations of signal power in different directions. In contrast, our
system, FLog, estimates link quality by considering the surrounding
trees and free space within the FFZ.

7 CONCLUSION
This paper presents FLog, a propagation model for LoRa signals
in orchards. We first investigated the propagation characteristics
of LoRa signals in orchards, revealing strong diffraction caused by
trees and the ground. To capture these features, FLog estimates link
quality by calculating the PLE in the Log-Normal Shadowing model
for any pair of nodes and gateway using the FFZ theory. Extensive
experiments demonstrate the effectiveness of our model.
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