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Centralized Traffic Engineering for Networked Farm
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University of Illinois Urbana-Champaign
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Abstract
Emerging farming techniques rely on smart devices such as
multi-spectral cameras that collect fine-grained data, and tele-
operated robots that perform tasks such as de-weeding, berry-
picking, etc. These networked farm applications (requiring
10s of Mbps of throughput per device to the edge servers,
with tens to hundreds of devices in a typical farm) must be
supported on a wireless mesh network with limited capacity.
In this work, we use these networked farm applications as
a compelling case-study to design FarmNetes, a centralized
traffic engineering (TE) system for wireless mesh networks.
FarmNetes leverages explicit control over farm workloads
to make centralized TE decisions (temporal flow schedules,
sending rates, load-aware routes, and channel configurations)
from an edge server, so as to best meet task requirements.
FarmNetes’ centralized TE decisions enable it to work with
commodity devices and control how the network is shared
across flows based on the desired policies (prioritization and
fairness) irrespective of the underlying MAC layer link shar-
ing mechanisms. This further enables MAC-agnostic reason-
ing of wireless network behavior when making TE decisions.
Our evaluation, using testbeds in a farm and trace-driven sim-
ulations, shows how FarmNetes achieves 3 × higher end-end
network throughput and better meets application demands,
compared to status-quo wireless mesh strategies.

CCS Concepts
• Networks → Control path algorithms; Traffic engi-
neering algorithms;Wireless access networks.
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1 Introduction
Emerging autonomous farming techniques, relying on smart
networked devices such as robots, drones, and hyperspectral
cameras, promise to increase farmyields, reducewastage, and
improve sustainability [17, 19, 33, 46, 53]. As we detail in §2,
networked farm applications can be divided into two cate-
gories: (i) real-time tele-operation of robots (e.g. from edge
servers), and (ii) periodic collection of large amounts of data
generated by RGB, thermal, and hyperspectral cameras for
offline analysis at the edge.A typical to large farmmay require
supporting tens to hundreds of such devices. Given that de-
vices in themiddleofafieldcannotbeconnectedwithEthernet
cables, they must rely on wireless connectivity (commonly, a
multi-hopWiFi mesh network [35, 41]). The capacity of such
a wireless network is fundamentally limited by the available
radio spectrum (i.e. it cannot be scaled indefinitely by simply
adding more routers). Moreover, many farm devices must op-
erate fromunder the crop canopy,where network throughput
is further degraded (as we show in §3). In this work, we study
how to best meet the requirements of networked farm appli-
cations at scale on such limited capacity wireless network.
To that end, we develop FarmNetes, a centralized traffic engi-
neering (TE) system for on-farmwireless mesh networks. 1

We first begin with motivating the use of centralized TE in
this context, before diving into the ensuing challenges. Farm
applications require differential treatment of network traffic,
where more urgent real-time remote operation tasks must
be prioritized over data collection tasks. Such policies are
inherently difficult to realize in a multi-hop wireless network
due to interference among independently operating nodes.
For instance, we must ensure that the low priority flows use
only the spare capacity – not only on the nodes in their direct
1FarmNetes is short for Farm Network Traffic Engineering System.
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paths, but also on the neighboring nodes along the path
due to interference. While wireless MAC layer mechanisms
have been proposed for flow prioritization under such
settings, they only work partially (not being able to deal with
interference from hidden terminals) and/or probabilistically
(relying on stochastic back-offs) [57]. Some of the more
recent (and yet to be realized) MAC-layer proposals on
wireless time-sensitive networking [10, 11] make restrictive
assumptions about per-packet timings and require inter-node
time synchronization. More importantly, commodity WiFi
devices neither support such sophisticated MAC layer
mechanisms nor provide an interface to implement them.

Centralized traffic engineering (TE) provides a platform for
enforcing such flow-sharing policies using simple commodity
devices. In particular, it enables centrally computing flow tim-
ings, sending rates, and routes as per the desired policy using
global network-wide view (e.g. the timings, rates, and routes
for lowpriority flows can be computed such that they only use
the network capacity spared by the high priority flows). This
benefit of centralized TE has been well exploited in wired net-
works (e.g. in datacenters and privateWANs [25, 26, 29, 34]).
In contrast, centralized systems for wireless networks have
largely been restricted to centrally computing routes based
on simpler policies (e.g. shortest paths) on a mesh with fixed
topology (i.e. fixed distance between nodes), and given input
traffic [2, 43]. It has excluded other crucial end TE decisions
thatmust bemade as per the desiredflow-sharing policy (such
as flow timings, sending rates, and access point selection).
These end TE decisions determine the input network traffic
incident on the wireless mesh, and are thereby inter-twined
with the mesh routing decisions. Due to uncontrollable
workloads and unpredictable access link characteristics in
traditional wireless mesh networks in homes and enterprises,
these end TE decisions have fundamentally relied on ad
hoc distributed protocols (that, as mentioned earlier, fail to
support rich network-sharing policies).
FarmNetes is the first centralized TE system for wireless

networks that comprehensively performs policy-driven flow
scheduling, sending rate enforcement, access point selection,
mesh routing, andchannel allocations.ThecomprehensiveTE
decisions in FarmNetes are enabledby twoobservations about
wirelessmesh networks in farms, thatmakes themdiffer from
those in traditionalhomeorenterprise settings: (1) Farmwork-
loads are known a priori and can be explicitly controlled (e.g.
theflowtimings and sending rates canbeadjusted toprioritize
more urgent remote operation tasks with more stringent de-
mands). (2) Farmnetworkcharacteristics aremorepredictable,
given the relatively homogeneous setting, and the link charac-
teristics canbeprofiled to enable informedTEdecisions. Farm-
Netes leverages these observations to make comprehensive
centralized TE decisions at an edge server, remotely configur-
ing on-field devices (commodityWiFi routers and endhosts).

We must address several challenges to make TE decisions
in wireless networks. The basis of any TE system is its ability
to answer the following question: “if a flow sends data at
rate 𝑋 bits/s along route 𝑃 , how much network resources
will it consume?” The response to this question allows the TE
system to reason about different choices (flow timings, routes,
and rates) in a policy-driven manner. While the response is
often straight-forward in a wired network (a flow sending
at rate𝑋 bits/s along a route 𝑃 would consume𝑋 bits/s of the
network capacity on each link in the path 𝑃 ), it is non-trivial
in a wireless network for multiple reasons.

First, thenetwork resources (in termsof channel bandwidth
in MHz) consumed to support a flow over a wireless link is
not only a function of its sending rate but also the distance
between the sender and receiver, and the environment
(e.g. whether the transmission is blocked by crop canopy,
or has a clear line of sight to the receiver). FarmNetes
models these effects by exploiting the relatively stable and
homogeneous farm environment to periodically collect
sparse measurements of network throughput under different
settings, and use themeasurement results to translate a flow’s
datarate into the corresponding amount of WiFi channel
bandwidth it consumes (as described in §4).

Second, the flow’s transmission would consume resources
not only on hops in its direct path, but also on neighboring
devices at which it interferes. Computing a flow’s wireless
resource consumption is very tricky, since the effects of
contention and interference on flow shares are dictated
by ad hoc MAC layer wireless mechanisms which often
change across generations [3, 11, 54], and are notoriously
hard to reason about [21–23, 42]. FarmNetes sidesteps this
difficulty by exploiting a unique vantage point enabled by
its centralized TE decisions. More specifically, FarmNetes’
centralized enforcement of flow sending rates allows it to
cleanly abstract and reason about wireless network behavior
agnostic of the underlying MAC layer mechanisms. The
broad assumption we make, and empirically validate, is that
if the incident demand on a node (as dictated by the enforced
sending rates) is less than the node’s capacity (in terms of its
channel bandwidth), the underlying MAC and physical layer
mechanisms are able to meet those demands. Driven by this
observation, FarmNetes centrally computes and enforces flow
sending rates so as to ensure that the cumulative amount of
resources consumed at a node (either on a flow’s direct path or
due to interference) never exceed the node’s capacity, and the
network resources are divided as per the desired flow-sharing
policies. This allows FarmNetes to directly control and reason
about how the wireless network capacity is shared across
flows. This is in contrast to prior work on modeling wireless
performance [21–23, 28, 38, 42] that model specific MAC
layer mechanisms, or make restrictive assumptions about
them, to capture the effects of interference.
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A third challenge stems from the fact that while the TE de-
cisions depend on the resource consumption of flows on their
direct paths and at their interfering nodes, the set of feasible
paths and interfering nodes (that share the same wireless
channel on the same frequency band) depends on channel
allocation decisions that are themselves part of FarmNetes’
TE design space. FarmNetes resolves this inter-dependency
by splitting its decisions into multiple distinct phases: (1) It
first makes use of high-level farm network characteristics
to guide the WiFi mesh topology design, and its decoupled
use of 2.4GHz and 5GHzWiFi bands (for under-canopy and
over-canopy transmissions respectively), as detailed in §3.
(2) It then leverages coarse-grained knowledge of device
locations and flowdemands to assign access points to sending
devices and assign channels for each interface of the WiFi
routers so as tomaximize spatial reuse of network capacity, as
detailed in §5. (3) It finally uses finer-grained link character-
istics and flow demands to make finer-grained TE decisions
(selecting routes that can best accommodate flow demands
and adjusting flow sending rates), as also detailed in §5.
We evaluate FarmNetes (§7) using a small-scale testbed

deployed on a cornfield and larger scale trace-driven
simulations, showing how it achieves 3.5 × higher network
throughput and 6 × better performance for real-time tasks
(in terms of throughput normalized by flow demand) when
compared with status-quo wireless mesh techniques used
today (that select nearest AP, do not support policy-driven
rate enforcement, and typically rely on shortest hop count
based routing). We individually evaluate the impact of
different components of FarmNetes’ TE over this baseline.
Our trace-driven simulations also compares FarmNetes’s
routing with other proposed wireless routing schemes
(namely Roofnet’s ETT [1, 15]), both with and without
our policy-driven rate enforcement, revealing up to 2 ×
improvement in real-time flows’ performance and 30% higher
overall throughput. Our real-world testbed evaluation and
microbenchmarks highlight how FarmNetes’ explicit rate en-
forcement allows it to cleanly reason about wireless resource
usage and enforce desired flow-sharing policies, despite the
adhoc MAC layer link sharing with CSMA/CA (that neither
achieves fair sharing of channel bandwidth nor of datarates).

FarmNetes’ source code and collected datasets are publicly
available at: https://github.com/ammartahir24/farmernetes.

2 Understanding FarmWorkloads
We surveyed 12 agronomists spanning two institutions, who
are conducting cutting-edge research in autonomous farming
techniques. We used the survey responses, in combination
with an extensive literature review [5–7, 17, 19, 31, 33, 44, 46,
48, 50, 53, 56], to characterize networked farmworkload.
Workload Categories.We divide it into two categories:

(a) Real-time Tasks.These tasks include targeted bug-spraying
[56], fruit picking [7, 31, 50],mechanicalweeding [37, 58], and
cover crop planting [5] by autonomous under-canopy robots.
These autonomous plant manipulation tasks need to leverage
edge servers (typically located in farmer’s home/office) to
run complex models for controlling the robots. This requires
streaming sensor data (e.g. RGB images frommultiple cam-
eras) in real-time from under-canopy robots to edge servers,
with the throughput requirements consequently ranging
from 5-20Mbps per device. Human tele-operation of robots
and drones [48] similarly requires an upstream throughput
of 5-10Mbps. At scale, a typical farm spanning a few hundred
acres may require tens of robots to operate simultaneously.
(d) Data collection. Emerging precision agriculture techniques
additionally rely on sensors such as RGB, thermal, and mul-
tispectral cameras that generate large amounts of data (10s to
100s of MBs per acre, with a typical farm spanning a few hun-
dred acres). In many cases, such data must be collected multi-
ple times a day, to catch potential issues faster and take appro-
priatemeasures.There canbe tens tohundredsof such sensors
and devices streaming data to the edge servers in a large farm.
Survey Takeaways. Our survey participants are actively
engaged in research spanning the two application categories
described above. Our survey asked pointed questions about
their networking needs. We summarize the takeaways below:
•All participants (N=12/12) feel that a farm network that can
deliver high throughput will make it easier to deploy smart
agriculture solutions and enable innovation in the space.
• The requirements of participants included network support
for real-time tasks (N=4/12), e.g. for remotely controlling
autonomous robots, and processing data collected by on-field
sensors within a fewminutes (N=1/12), a few hours (N=3/12),
or a few days (N=3/12).
• Data collection applications use various sensors (RGB,
thermal, hyperspectral, LIDAR, thermometer, pH, and spec-
troradiometers). RGB images were most common (N= 11/12),
followed by hyperspectral (N=6/12), and LIDAR (N=4/12).
•Majority of our participants required processing the sensed
data in edge servers (N=8/12), with a few indicating need for
cloud offloads (N=3/12).
Key Challenges. • Incast to edge.Multiple on-field devices
simultaneously streaming data to the edge servers (located
in farmer’s home/office) can lead to bottlenecks near the
network edge.
• Under-canopy operation. Many applications involve
streaming data from under the canopy, where the transmit-
ting device is completely surrounded by crops, leading to
degraded network performance (as shown in §3).
• Scale. Even tens of simultaneously active devices can over-
whelm the limited wireless capacity on a farm. As such tech-
niques becomemore popular, a typical to large farmmay re-
quiremany tens to hundreds of simultaneously active devices.

https://github.com/ammartahir24/farmernetes
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3 FarmNetwork Design and Characteristics
The challenge of enabling high-bandwidth connectivity
in large farms is well-recognized (even by government
bodies [19, 52]). Due to the sparse population of farmlands,
there is limited deployment of infrastructure-heavy solutions
like cellular and fiber networks. Even where fiber endpoints
are available, they can only serve as backhauls and must be
extended to devices on the field throughwireless connectivity.
We focus onWiFi (one of the oldest andmost popularwireless
connectivity options for rural farms [9, 35, 39, 41]), discussing
other wireless alternatives in §9. WiFi offers relatively
high bandwidth (of the order of few tens of Mbps) but over
short ranges (tens of meters). This is in contrast to, say,
LoRaWAN [8] that can support a long range of up to 10 Km,
but only a few Kbps of bandwidth that is not sufficient to
support emerging farm workload described above. The short
range ofWiFi requires deploying a multi-hop mesh ofWiFi
routers to ensure coverage over the farm.

DespiteWiFi’s popularity, there are no systematic studies
on how to best design such aWiFi network for farms, and the
performance we can expect to achieve from such a network.
We conduct extensive WiFi measurements on an 80-acre
cornfield with 6 feet high crops to characterizeWiFi perfor-
mance (§3.1), and use these insights to guide ourWiFi mesh
network design (§3.2) on which our TE system is built (§5).

3.1 On-FieldWiFi Measurements
Measurement Setup:.
(1) Sender: a Unifi LR-6 router that supports Wifi 6 over 5GHz
and 2.4GHz bands [27], connected over Ethernet to a Linux
device that sends a UDP flow using iperf.
(2) Receiver: a TP-Link RE505XWiFi 6 receiver, that receives
data from the sender overWiFi, and is connected to a macOS
device that runs the iperf server and logs the throughput.
(3) Channel configuration:We used maximum channel widths
(160 MHz for 5GHz and 40 MHz for 2.4GHz).
(4) Transmission Height:We placed the receiver on a 2 m high
pole (above the crop canopy level), as shown in Figure 1a. We
placed the sender at two different heights:
(i) Under-canopy (<0.5m), mimicking sensors and robots
streaming data from under the crop canopy.
(ii) Above-canopy (2m), mimicking relay routers mounted on
poles above the canopy height.
(iii) We also conduct control experiments on a path where
there is no crop canopy between the sender and the receiver,
using a transmission height of 2m.
(5) Transmission Distance:We vary the distance between the
sender and receiver from 20m to 100m across experiments.
(6) Experiment Duration: For each setting, we conducted 5
experiment runs. Each run transmitted data for 30 seconds
and recorded the resulting throughput. We manually moved

the sender by few centimeters between different runs for
a given setting, to capture performance deviations arising
from finer-grained spatial variations. We repeated these
measurements every week frommid-June - August end.
Overall Results. Figure 1b shows the average throughput
(aggregated across all the measurements we conducted over
the growing seasons) achieved over the 2.4GHz band and
5GHzWiFi bands under different settings. The shaded areas
represents the standard deviation over different experiment
runs. We have the following key takeaways.
(i) Presence of crop canopy degrades throughput. Even when
the sender and the receiver are in line of sight above the crop
canopy, the WiFi throughput achieved on either bands is
1.2-2 × lower than when there is no crop canopy.
(ii) 5GHz achieves higher throughput above canopy due to
wider 160MHz channel (vs the 40MHz wide 2.4GHz channel).
(iii) 2.4GHz is more robust under canopy. Figure 1c re-plots the
data for the under-canopy setting, for a more direct compar-
ison between the 2.4GHz and 5GHz bands. The throughput
achieved by 5GHz, in spite of using a wider channel, drops
to nearly zero beyond 40m. On the other hand, the 2.4GHz
band can achieve 5-10Mbps even at a distance of 80 meters.
(iv) Low temoral variation.Wenotice very small temporal vari-
ation of throughput (10% standard deviation) on a stationary
device over the 30s duration of each experiment run, owing to
lackof interference fromexternal sources in a farm (Figure 1d).
(v) Higher spatial variation. Changing the sender’s position
by a few centimeters resulted in up to 30% standard deviation
in throughput (Figure 1d). Our evaluation in §7 models this.
(vi) Variations over growing season. The overall trends above
remained consistent over weeks during the growing season,
with occasional variations in absolute throughput values,
owing to factors such as weather and crop height (result
omitted for brevity).

3.2 Network Design Takeaways
These measurement results guide our network design.
1. Above-CanopyWiFi Mesh.Given the short-range ofWiFi
(upto 100m), and its better performance above the crop
canopy (as compared to underneath the crops), our network
consists of a multi-hop mesh of WiFi routers placed above
the crop canopy (e.g. mounted on poles) in a grid topology
at a distance of 80-100m from one another, as shown in Fig 2.
2. Tiered use of 2.4GHz and 5GHz.Our measurement results
also indicate a clear division of responsibility between the
2.4GHz and the 5GHz bands: (i) 2.4GHz under-canopy:where
the routers communicate with under-canopy sensors and
robots over their 2.4GHz interface that acts as access point,
and (ii) 5GHz above-canopy:where the routers use their 5GHz
interface to route traffic across the mesh above the crop
canopy in order to communicate with the edge servers (or
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(a) Measurement Setup
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(b)Wifi throughput with varying
distance
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(c) Comparison of 2.4 GHz and
5GHz UC
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Figure 1: OurWifi throughputmeasurement setup and summary of results (shaded area shows standard deviations across
experiments run over 12 weeks)

with other on-field devices). Such a two-tiered architecture is
needed because 5 GHz does not work under-canopy beyond
40m, restricting majority of under-canopy transmissions to
2.4GHz. Additionally due to the scarcity of channels in the
2.4 GHz band it is not prudent to use it above the canopy. We
empirically observed that longer range of transmission above
canopy for 2.4 GHz can lead to higher interference, resulting
in reduced throughput for the first hop (under-canopy) links.
3. Alleviating edge bottlenecks. Bottlenecks emerge at the
WiFi routers at the network edge (connected to edge servers
in the farmer’s home/office) due to the incast traffic pattern.
However, it is often feasible to directly connect one or more
of such edge routers to the servers (and to each-other) using
wired (Ethernet) connectivity as shown in Fig 2, with the
WiFi mesh then extending network coverage to the field.
Increasing the number of such wired edge routers (from say,
one to even three) can significantly improve overall WiFi
throughput by allowing greater spatial reuse ofWiFi capacity.
4. Need for judicious traffic management.Our measurements
highlight the limited capacity of farm WiFi networks. The
100Mbps of overall throughput on an above-canopy 5GHz
link effectively translates to only 30Mbps when we account
for resources consumed by simultaneous listening and
transmission at a forwarding hop, and interference within
such multi-hop transmissions (even in the absence of other
competing traffic). The under-canopy network capacity
is even lower to begin with, and, with only three non-
overlapping channels in the 2.4GHz band, the network can
quickly get overwhelmed with just three to four neighboring
under-canopy transmissions. Finally, unlike wired networks,
throughput is fundamentally limited by the available
spectrum bandwidth in wireless, and cannot be improved
by adding more routers. Our traffic engineering system
(described in §5) is designed to extract maximal performance
for farm applications from such limited capacity network.

4 ComputingWireless Resource Usage
Reasoning about TE decisions requires computing the
amount of wireless resources consumed by a flow sending
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Figure 2: Overall workflow of FarmNetes.

at a certain enforced datarate (both on its direct path and at
interfering nodes). We first detail how we do that agnostic
of the underlying MAC layer link sharing mechanisms. This
is enabled by our TE system’s explicit rate control which
ensures that the sending rates do not exceed the network
capacity on any device. Our resource usage formulation
further errs on the side of over-estimation to reinforce that.
The broad assumptionwemake (and validate in §7.1) is that if
the incident demand at a node (including direct transmissions
and interference) is less than its capacity, the underlying
wireless link is able to meet those demands.
Resource Unit (RU). We use the abstraction of resource
units to capture the normalized amount of capacity at each
interface of a device (end-device or router). One resource
unit corresponds to the standard bandwidth of 20 MHz on
a 2.4GHz channel, and 160 MHz on a 5GHz channel.
Data-drivenModel.Weuse a data-drivenmodel to compute
the amount of RUs consumed by a flow. As we observe
in §3.1, for a given band (2.4GHz under-canopy or 5GHz
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above-canopy) and at a given point in time, the maximum
achievable throughput (in the absence of contention or
interference from other flows) primarily depends on distance,
given the farm setting is relatively static and homogeneous.
Our measurement trace from §3.1 provides throughput
values at discrete distances in both the 2.4GHz tier and
the 5GHz tier. We then apply a logarithmic regression to
predict throughput for arbitrary distances in each tier. In
practice, such a trace can be periodically updated by profiling
the throughput of above-canopy links between routers as
part of daily bootstrapping process, and opportunistically
measuring the under-canopy throughput based on current
device locations. Such periodic updates can help account for
the effects changing crop height over the growing season and
weather conditions. We further discuss how FarmNetes can
handle deviations in expected network behavior in §5.7.
RUs consumed due to direct transmission. Consider a
flow 𝑓 transmitted from 𝐴 to 𝐵 with datarate 𝑋 Mbps over
distance 𝑑𝐴𝐵 , as shown in the figure below. We use 𝑓𝐴→𝐵 to
denote the one-hop transmission of flow 𝑓 from 𝐴 to 𝐵 (a
multi-hop flowwould consist of multiple such transmissions).

A B

C

flow f @ XMbps
distance = dAB

distance = dAC

Let 𝑡ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡 (𝑑𝐴𝐵) denote
the maximum datarate a
transmission between𝐴 and
𝐵 could have achieved if it
was using the entire channel
bandwidth (i.e. one resource unit) at𝐴 and at 𝐵 (this value is
available from the measurement traces mentioned above). A
transmission at a lower datarate would consume proportion-
ally smaller amount of resource units. Therefore, the amount
of resource units (or fraction of channel bandwidth) that gets
consumed at𝐴 and 𝐵 by 𝑓𝐴→𝐵 can be denoted by:

𝑟 (𝑓𝐴→𝐵,𝐴)=𝑟 (𝑓𝐴→𝐵,𝐵)=
𝑋

𝑡ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡 (𝑑𝐴𝐵)
(1)

where 𝑟 (𝑓𝐴→𝐵,𝐴) and 𝑟 (𝑓𝐴→𝐵,𝐵) are resource units consumed
by 𝑓𝐴→𝐵 at𝐴 and 𝐵 respectively.
RUs consumed on interfering devices.We approximate
the amount of RUs consumed by 𝑓𝐴→𝐵 due to interference on
a neighboring device𝐶 at a distance of 𝑑𝐴𝐶 from𝐴, as:

𝑟 (𝑓𝐴→𝐵,𝐶)=𝑟 (𝑓𝐴→𝐵,𝐴)×𝛿 (𝑓𝐴→𝐵,𝐶) (2a)

=𝑟 (𝑓𝐴→𝐵,𝐴)×𝑚𝑖𝑛(1, 𝑡ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡 (𝑑𝐴𝐶 )
𝑡ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡 (𝐷) ) (2b)

where𝐷 is the distance between two routers in our grid topol-
ogy. Here, 𝑟 (𝑓𝐴→𝐵,𝐴) indicates how often (or howmuch of)
the channel is accessed by transmission 𝑓𝐴→𝐵 , and 𝛿 (𝑓𝐴→𝐵,𝐶)
captures the impact of interference on the portion of channel
accessed by 𝑓𝐴→𝐵 . Our formulation captures the decrease in
amount of interference with increasing distance between𝐴
and 𝐶 . When 𝑑𝐴𝐶 ≤ 𝐷 , we conservatively assume that the
interference effect is so high that no part of the spectrum used

by 𝑓𝐴→𝐵 is usable by𝐶 . In such a setting, 𝑡ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡 (𝑑𝐴𝐶 ) ≥
𝑡ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡 (𝐷), and 𝑟 (𝑓𝐴→𝐵, 𝐶) = 𝑟 (𝑓𝐴→𝐵, 𝐴). As 𝑑𝐴𝐶 in-
creases beyond𝐷 (indicating𝐶 is not in the immediate vicinity
of 𝐴) the interference effect materializes as degradation in
signal quality. This means that the portion of channel im-
pacted by 𝑓𝐴→𝐵 is still usable by𝐶 , but not very effectively
(𝛿 (𝑓𝐴→𝐵,𝐶)<1, captures this effect).We give detailed analysis
based on the Shannon–Hartley theorem [47] in §A.

5 FarmNeTES: FarmNetwork TE System
We now describe FarmNetes, our centralized TE system for
managing traffic on farmWiFi mesh network.

5.1 Overview
Inputs: FarmNetes takes as input: (i) Locations of on-field de-
vices. (ii) Network requirements of real-time task that include
(a) its duration (typically tens of minutes) (b) the deadline by
when it should start, and (c) the desired upstream throughput
for real-time streaming (often between 5-20Mbps). 2 Require-
ments for non-real-time (data collection) task include the
amount of data it needs to transmit and its deadline (typically
few hours or days).
Goals: (i) Meet the scheduling constraints and desired
datarates of real-time tasks (to the best possible extent). (ii)
Maximize overall network throughput by filling up the spare
network capacity with lower priority data collection tasks.
OverallWorkflow: Figure 2 summarizes our TE workflow.
FarmNetes invokes its TE engine periodically (every fewmin-
utes), taking the following steps at each invocation:
• (1) Picking real-time flows to schedule:We first pick urgent
real-time tasks that must be scheduled in that invocation, i.e.
with 𝑠𝑙𝑎𝑐𝑘 ≤ 0, where 𝑠𝑙𝑎𝑐𝑘 = 𝑑𝑒𝑎𝑑𝑙𝑖𝑛𝑒 − 𝑐𝑢𝑟𝑟𝑒𝑛𝑡 𝑡𝑖𝑚𝑒 . We
then pick as many additional real-time tasks (in increasing
order of their slack) as can be accommodated. Specifically, we
check that the cumulative demand of the scheduled tasks does
not exceed the estimated capacity of 5GHz tier to support the
incast traffic to the edge. 3
• (2) Assigning APs and 2.4GHz channels:We sort the selected
real-time tasks by their deadlines and greedily assign them
APs and channels in the 2.4GHz tier one flow at a time (as
described in §5.2). Our algorithm favors APs that can fully
meet the datarate demandof the givenflow, picking the choice
that minimizes overall resource consumption on 2.4GHz tier
when there are multiple such options. If no AP can meet the
flow’s demand, it picks the one that fulfills highest proportion
of the demand. This step works jointly with Step 1 above.
While urgent real-time flows are always scheduled (even if

2This can be pre-estimated from the sensing modality (RGB vs LiDAR) and
the data quality requirements of the algorithms running at the edge.
3This is a coarse-grained estimate of capacity, that scales with the number of
wired edge routers, and can be computed accordingly.
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their dataratedemands cannotbe fullymet), anon-urgent real-
time flow (with slack > 0) is de-selected if its demand cannot
be fully met, and retried for scheduling at a later invocation,
opening up room to select another flow.
• (3) Assigning 5GHz channels: Once the load on each AP
has been determined, we allocate channels for the 5GHz in-
terfaces, as described in §5.3. We must assign channels in
5GHz tier in such a way that any router can reach at least
one wired edge router. In doing so, we must adhere to the
following constraints: (i) only one channel per interface (with
most commodity routers supporting only a single 5GHz in-
terface, this implies only one 5GHz channel per router) and
(ii) if one router forwards traffic to another overWiFi, their
corresponding interfaces must operate on the same channel.
This means that we must have a path from any router to a
wired edge router, where all routers along that path (includ-
ing the edge router) use the same 5GHz channel. Thus our
5GHz channel allocation algorithm effectively partitions the
wireless network by the number of wired edge routers, such
that each partition uses a different channel in the 5GHz tier. 4
Wedo this partitioning such that theworkload (approximated
from the scheduled real-time flows) is divided equally across
partitions. Fig 2 shows a toy example where we have two par-
titions operating over channel 36 (in green) and 100 (in blue).
Connectingmore edge routers to overwire allows usingmore
channels in the mesh, thereby increasing overall capacity by
reducing interference levels. 5GHz band provides a choice of
up to three 160MHz channels, that we can spatially re-use
when there are more than three wired edge routers.
• (4) Assigning 5GHz routes: Once the 5GHz channels are
assigned, we assign routes over the 5 GHz tier for each task
from their selectedAP to the correspondingwired edge router
that is connectedvia the samechannel partition.Asdetailed in
§5.4, the route selection for a flow favors paths that consume
fewest amount of network resources (after accounting for
both hop count and interference effects), among those that
have sufficient capacity to accommodate the flow’s demand.
If no path has sufficient capacity, we favor paths that can
accommodate the largest proportion of the flow’s demand,
even if these are not the shortest paths by hop count (e.g.
device B in Fig 2 takes a longer path).
• (5) Adjusting flow rates and saving state: The initial set of
supported tasks was based on a crude estimate of overall
network capacity. Once the channel configurations, and the
flow routes are finalized, we make finer-grain adjustments to
the flow sending rates as described in §5.5, ensuring that we
do not exceed the capacity at any node. At this point, we save
the network state to be used as input for the next invocation,

4Devices in two different wireless partitions can still talk to one another via
the wired edge routers.

ensuring we retain the AP, channel, and routing decisions for
scheduled real-time flows to the best extent.
• (6) Filling spare capacity with data collection tasks:Wefinally
use a water-filling algorithm to pick routes and rates for the
non real-time data collection taskswith lax deadlines, only as-
signing themnetwork resources spared by the real-time flows
(§5.6). We promote such a task to real-time if it approaches its
deadlines, but remains unfinished.

5.2 Selecting Access Point and 2.4GHz
Channel

Givenaflow 𝑓 originating fromanunder-canopysender𝑆 that
has not yet been assigned anAP,we compute a cost associated
with each router 𝑅, and select the router, 𝑅∗, that has the
lowest cost as 𝑆’s AP, as per the cost function defined below.
If a router 𝑅 has already been assigned a 2.4GHz channel
(due to previously scheduled flows), we stick to that channel
configuration when evaluating its cost as 𝑓 ’s AP. If 𝑅 has not
yet been assigned a channel, we individually evaluate 𝑅’s
cost function under the three different channel configuration
options supported by 2.4GHzWiFi, and pick the channel that
results in the lowest cost (using that cost as the cost associated
with 𝑅). If 𝑅 is eventually selected as the AP for the flow, we
assign this lowest cost channel to 𝑅, and account for it in the
subsequent iterations of the algorithm for other flows.
With channel configured for router 𝑅 as described above,

we define the cost of selecting it as 𝑆 ’s AP as follows:

𝑐𝑜𝑠𝑡 (𝑓 ,𝑆→𝑅)=𝑐𝑜𝑠𝑡𝑅𝑈 (𝑓 ,𝑆→𝑅)+𝜆𝑐𝑜𝑠𝑡𝐶𝑇 (𝑓 ,𝑆→𝑅)
It consists of two cost components:
(i) Resource unit cost:. 𝑐𝑜𝑠𝑡𝑅𝑈 (𝑓 ,𝑆→𝑅), denotes the total
amount of resource units consumed due to 𝑓 ’s transmission
from 𝑆 to 𝑅. We define it as:

𝑐𝑜𝑠𝑡𝑅𝑈 (𝑓 ,𝑆→𝑅)=
∑︁

𝑅 𝑗 ∈𝑁𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝑠 (𝑆→𝑅)⋃𝑆

𝑟 (𝑓𝑆→𝑅,𝑅 𝑗 )

Here, 𝑟 (𝑓𝑆→𝑅,𝑅 𝑗 ) are the resource units consumed at device
𝑅 𝑗 by 𝑓 ’s transmission from 𝑆 to 𝑅 (computed as described in
§4) – transmission to a more distant router 𝑅 will consume
more resources. 𝑁𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝑠 (𝑆→𝑅) denotes the set of devices
(routers and end-devices) that are impacted by 𝑆’s transmis-
sion to 𝑅, defined formally as all 𝑅 𝑗 ∈ 𝐷𝑒𝑣𝑖𝑐𝑒𝑠 with (a) the
same channel as 𝑆 and 𝑟 (𝑓𝑆→𝑅 ,𝑆 )

𝑟 (𝑓𝑆→𝑅 ,𝑅 𝑗 ) <𝛼 , where we set 𝛼 =10 in
our experiments. We set the channel at 𝑆 to be the same as
that of the AP 𝑅 under consideration. 5
(ii) Contention cost:. The second component, 𝑐𝑜𝑠𝑡𝐶𝑇 (𝑓 ,𝑆→
𝑅), computes whether there is sufficient capacity to accom-
modate 𝑓 (after accounting for all flows scheduled so far) if 𝑅

5We ignore devices that have not yet been assigned a channel (later iterations
account for them, as and when flows are scheduled on them).
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is chosen as its AP. We define it as:
𝑐𝑜𝑠𝑡𝐶𝑇 (𝑓 ,𝑆→𝑅)= max

𝑅 𝑗 ∈𝑁𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝑠 (𝑆 )⋃𝑆
(𝑟 (𝑓𝑆→𝑅,𝑅 𝑗 )

+C[𝑅 𝑗 ]−1)+

Where, 𝑣+=max(0,𝑣). The term C[𝑅] denoted the amount
of RUs already consumed at router R due by previously sched-
uledflows (or transmissions), i.e.C[𝑅]=∑𝑓 ′∈𝐹 ′𝑟 (𝑓 ′,𝑅),where
𝐹 ′ is the set of previously scheduled transmissions. This cost
function returns 0 whenever there is sufficient capacity avail-
able at 𝑅 and other neighbors of 𝑆 to accommodate 𝑓𝑆→𝑅 .
Whenever any of these devices are congested it returns a
value greater than 0, representing the excess demand that
cannot be accommodated.
Combining the two components:. The final cost is a
weighted sum of the resource unit cost and the contention
cost, where 𝜆, denoting the weight of contention cost, is set
to a very large value. This ensures that we prioritize picking
an AP, such that there is enough capacity to support flow
𝑓 ’s demand fully (when 𝑐𝑜𝑠𝑡𝐶𝑇 =0). If no such router exists,
we prioritize the one that can meet the highest proportion of
𝑓 ’s demand (has lowest value of 𝑐𝑜𝑠𝑡𝐶𝑇 ) for urgent flows, or
omit scheduling 𝑓 if it is not urgent. If 𝑐𝑜𝑠𝑡𝐶𝑇 is the same for
multiple routers, we prioritize picking a router that consumes
the least amount of resources (i.e. has the least 𝑐𝑜𝑠𝑡𝑅𝑈 ).

5.3 5GHz Channel Assignment
As mentioned in §5.1, our 5GHz channel assignment algo-
rithm effectively partitions the wireless mesh network by the
number of wired edge routers 𝑛, trying to equally distribute
load across each partition. One strategy is to create partitions
with equal number of routers.However, the number of routers
is not a good proxy for the workload. We therefore run the
channel assignment algorithm after assigning APs to the real-
time flows that we need to schedule. We then use the datarate
that each router (AP) needs in order to support these flows,
as a coarse-grained approximation of the workload.

Before discussing the details of our algorithm, we state two
properties it must satisfy: (1) Each router must be in exactly
one partition (since, with just one 5GHz interface, it can be
assigned only one channel). (2) Any router 𝑅 in a partition 𝑃𝑖
must be able to reach the wired edge router 𝐸 [𝑃𝑖 ] associated
with its partitionbyat least onepath𝑝 such that (2a) all routers
in the path are also in 𝑃𝑖 (since wireless transmissions must
send and listen on the same channel), and (2b) all edges in the
path are either of the four lowest cost neighbors (vertical or
horizontal) on Manhattan grid (to ensure high transmission
throughput as discussed in §5.4).

With𝑛wired edge routers, we initialize our algorithmwith
a random set of 𝑛 partitions, 𝑃1, ..., 𝑃𝑛 , that satisfy the two
properties above. Let𝑊𝑖 denote the load at partition 𝑃𝑖 . We
then run an iterative algorithm, where in each iteration, we

pick the partition 𝑃𝑖 withmaximum load𝑊𝑖 and try tomove a
router from𝑃𝑖 to another partition𝑃𝑘 , such that themovedoes
not make𝑊𝑘 >𝑊𝑖 . We consider a router 𝑅 𝑗 eligible for transi-
tioning frompartition𝑃𝑖 to another partition only if it satisfies
the following properties: (i) it must be at the border of 𝑃𝑖 , with
at least one Manhattan neighbor in a different partition, and
(ii) removing 𝑅 𝑗 does not split 𝑃𝑖 into two unreachable parts.
When further transitions from the most loaded partition are
no longer possible (either because no more of its routers are
eligible for transitioning, or because its neighboring parti-
tions have reached equal load), wemove to transitioning from
the second most loaded partition and so on. Our algorithm
concludes when all partitions are of roughly the same size,
or there are no more routers eligible for transitioning. Once
the real-time workload between partitions is balanced, we
attempt to balance the number of remaining routers (which
helps when assigning spare capacity to data collection tasks).

When 𝑛 is larger than the number of available 5GHz chan-
nels (up to 3 × 160 MHz), we assign channels such that each
wired edge router has different channel than its two neigh-
bors to minimize interference. In case we do not have at least
3 × 160 MHz channels (due to regional restrictions or DFS
event), we can also pick different width channels for different
partitions (e.g. 1×160 MHz and 2×80 MHz). In such cases,
we scale fair load per partition based on channel sizes (e.g.
160 MHz channel carries 2 × more traffic than an 80 MHz
channel).

5.4 Above-Canopy Routing on 5GHz tier
Once we assign 5GHz channels, we can determine feasible
routes and the set of nodes that would interfere with another.
We compute shortest cost path for each flow (greedily consid-
ering one flow at a time, sorted by their deadlines). The cost of
a path for a flow is definedusing a logic similar to ourAP selec-
tion in §5.2. Specifically, when considering path 𝑃 (composed
of an ordered list of router hops) for flow 𝑓 , we compute its re-
sourceunit cost as𝑝𝑎𝑡ℎ𝑐𝑜𝑠𝑡𝑅𝑈 (𝑓 ,𝑃)=∑𝑅 𝑗 ∈𝑃𝑐𝑜𝑠𝑡𝑅𝑈 (𝑓 ,𝑅 𝑗−1→
𝑅 𝑗 ), i.e. the total amount of resource units consumed on the
routers along path 𝑃 , and their neighbors, due to 𝑓 ’s transmis-
sion along 𝑃 .We similarly compute the path’s contention cost
as 𝑝𝑎𝑡ℎ𝑐𝑜𝑠𝑡𝐶𝑇 (𝑓 ,𝑃) =max𝑅 𝑗 ∈𝑃 (𝑐𝑜𝑠𝑡𝐶𝑇 (𝑓 ,𝑅 𝑗−1 → 𝑅 𝑗 )), mea-
suring the degree of overload on the most contended router
along path 𝑃 . Here, 𝑐𝑜𝑠𝑡𝑅𝑈 (.) and 𝑐𝑜𝑠𝑡𝐶𝑇 (.) are defined as in
§5.2, but nowconsidering the resources in the 5GHzband. The
final cost of path 𝑃 is weighted sum of the two components
(𝑝𝑎𝑡ℎ𝑐𝑜𝑠𝑡𝑅𝑈 (𝑓 ,𝑃)+𝜆𝑝𝑎𝑡ℎ𝑐𝑜𝑠𝑡𝐶𝑇 (𝑓 ,𝑃)).

We cannot trivially use Djikstra’s algorithm [16] to find
the lowest cost path due to the mixed nature of our cost func-
tion, where the resource unit cost is added over the hops, but
the contention cost is taken as max across hops. Wemodify
Djikstra’s algorithm to handle this (we skip providing these
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modification details for brevity). Our algorithm restricts the
next hop from a router to one of its eight neighbors in the
Manhattan grid (as throughput for direct transmissions drops
significantly beyond this distance).

We summarize a few interesting observations about Farm-
Netes’ route selection: (i) The route selection favors Manhat-
tanpaths, i.e.with vertical or horizontal neighbors as next hop
(and not diagonal ones). Even though this may increase the
number of hops, it ends up consuming fewer resource units
due to shorter transmission distance. (ii) Paths of same length
(even along Manhattan paths) may still consume different
amount of resource units due to different levels of interfer-
ence. (iii) A longer path may be more favorable if it avoids
consuming resources on congested routers.

5.5 Adjusting FlowRates
While our 2.4GHz AP and 5GHz route selection logic strives
to avoid overloading devices, it may not always be possible
to do so (especially if the demands of urgent real-time tasks
exceeds available capacity). We run the following rate alloca-
tion algorithm to divide the wireless capacity fairly between
the scheduled real-time flows. We pick the most congested
router interface, i.e.max𝑅∈𝑅𝑜𝑢𝑡𝑒𝑟𝑠C[𝑅], and divide its capacity
(1 RU) equally between all flows passing through that router
interface. We then pick the next most congested router in-
terface and repeat the process until no router interface has
C[𝑅] >1. Each flow is assigned the sending rate that we get
at the conclusion of this algorithm.

5.6 Scheduling Non-realtime Flows
Finally, we assign any spare capacity to non-real-time flows.
For each non-real-time flow, we set their starting rate to 1
Mbps and try to assign 2.4GHz AP and a route over 5 GHz
tier to them one flow at a time, as described in §5.2 and §5.4.
If 𝑐𝑜𝑠𝑡𝐶𝑇 of both these operations is zero for a given flow, it
means there is capacity for at least 1 Mbps of this flow, and
we commit this assignment. We maintain a list of such suc-
cesses. Once we have iterated through all non-realtime flows
in this manner, we then iterate through the list of successfully
scheduled flows attempting to push an additional 1 Mbps for
each flow along the selected path. If at any point, the 𝑐𝑜𝑠𝑡𝐶𝑇
becomes greater than 0, that flow is removed from the list and
is assigned its current AP, path, and rate. We continue this
process until the list becomes empty. By tracking 𝑐𝑜𝑠𝑡𝐶𝑇 (that
accounts for resource usage of all flows scheduled so far, both
due to direct transmission and interference), we ensure that
these non-realtime flows only consume spare resources.

5.7 Handling Deviations in Expected
Behavior

Our TE decisions rely on data-driven estimates of on-farm
throughput at varying distances (§4). The actual throughput
can deviate from these estimates due to various factors. In
the case of failures that may result in severe degradation in
throughput, e.g. damaged equipment or physical obstructions,
theTEsystemcanupdate its state to routearoundsuchdevices.
Forminorvariations fromthroughputprofiles (asnoted in§3.1
due to spatial changes), we add robustness to our TE system
by leaving some headroomwhen assessing the capacity of a
router (10% in our experiments). Another form of deviation
can arise from device mobility – since under-canopy robots
move at low speed (a few meters per minute), the effects of
mobility can be handled by subsequent invocations of the
TE engine. We simulate such variations in our experiments
(in §7.3) and show that FarmNetes is able to handle them
robustly.

6 Implementation
Central Controller. FarmNetes’ TE controller runs on a
centralized serverat theedgeandremotelyconfigureson-field
routers anddevices. Exchangeof control informationbetween
the server and the devices has low bandwidth requirements
that can use an out-of-band LoRa network [8].
Configuring Routers.Our prototype uses ASUS RT-AC86U
WiFi routers updated with Asuswrt Merlin firmware which
allows updating IP forwarding rules and changing channels
remotely over SSH. In particular, a Raspberry Pi attached
to the router receives updates from the central controller
and configures the routers over a pre-connected SSH session.
We operate routers in ad-hoc mode (Wireless Distribution
System) mode and use ip-route to install routing rules for
flows based onMPLS tags as set by the central controller.
Configuring End-devices. Each end-device (e.g. Raspberry
Pis attached to sensors and robots), runs a FarmNetes daemon
that listens for control information from the central controller
and accordingly schedules (i.e. starts or pauses) tasks using
application-provided interfaces. It uses Linux TC to set the
sending rates from the device to the value specified by the
controller. The daemon also periodically sends the device
location (collected using RTK [49]) to the controller.

7 Evaluation
Our evaluation is divided into three phases:
• §7.1: Real-world experiments to validate the effectiveness
of centralized rate enforcement in controlling how network
resources are shared (irrespective of MAC layer behavior).
• §7.2: Small-scale prototype deployment in a cornfield, show-
ing FarmNetes’ performance benefits.
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Figure 3: Validating need for explicit rate enforcement.

• §7.3: Trace-driven simulations of large scale deployment
scenarios, comparing FarmNetes’ performance with status
quo wireless mesh baselines and prior work [1, 15].

7.1 Real-WorldMicroenchmarks
Validating Resource Unit Abstraction:We start with an
experiment to validate our resource unit (RU) abstraction –
that a device splits its channel bandwidth (that we abstract
as 1 RU) between competing flows. We set up two devices
(Raspberry Pi’s)𝐴 and 𝐵 that simultaneously transmit data to
an ASUS router 𝑅 (Figure 3a) using UDP(?), with a configured
sending rate larger than the link can support. We keep the
distance between 𝐴 and 𝑅 fixed, and increase the distance
between 𝐵 and 𝑅 across different experiment runs. Wemea-
sure the datarate achieved by each flow, and compute the
corresponding amount of RUs consumed by the flows (using
the formulations in §4). Figure 3b shows how the RUs con-
sumed by each flow indeed add up to one – the entire channel
bandwidth at 𝑅 is split between the two flows.
Unfairness in the absence of explicit rate enforcement:
We further observe the datarate, and the resource consump-
tion, that is naturally achieved by the two flows in the above
experiment (where their cumulative sending rate is higher
than the capacity at 𝑅) with CSMA/CA based MAC protocol
running on the sending devices. As can be seen in Figure 3b,
we find that the flow shares neither correspond to fair use of
channel capacity nor to fairness in terms of datarates. The
transmission from 𝐵 consumes increasingly smaller amount
of RUs as the distance between 𝐵 and 𝑅 increases. This high-
lights the difficulty of reasoning aboutMAC layer link sharing
mechanisms.
Effectiveness of explicit rate enforcement:We next re-
strict the sending rates of flows from𝐴 and 𝐵, such that the
RUs at router 𝑅 get equally divided between them, leaving a
10%headroom.This requiredus to applyour formulation from
§4 (seeded with throughputs measured in §3.1) to compute
howmuch resources a flow sending at a specified rate from
the specified distance would consume at 𝑅. Figure 3c shows
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Figure 4: FarmNetes results in improved network
management in real-world deployment.

that the RUs consumed by each flow (back-computed from
the observed datarate each flow achieves).We find that the re-
source usage indeedmatches what we compute and indirectly
enforce via setting the sending rates. It further highlights how
our TE decisions can control the flow shares irrespective of
the underlying MAC layer behavior.

7.2 Small-Scale Real-World Testbed
Setup:Wemounted five ASUS RT-AC86U routers on poles
and placed them at different locations in a cornfield to create
a mesh network as shown in Figure 4a. We connected one
router to an edge server (a MacBook laptop in our prototype)
using Ethernet. We emulated non-real-time (NR) flows on
two under-canopy devices (Raspberry Pi’s running Linux)
that sent data to the edge server using iperf, mimicking large
sensor data transfer. These devices connected to the specified
routers over 2.4 GHz. Another device (another MacBook in
our prototype) streamed an RGB video over UDP at the rate of
15Mbps to the server (mimickinga real-time remoteoperation
task). We measured the frame drop rate for the video at the
edge server for each run. The positions of non-real-time flow
sources were fixed across experiments, whereas the video
source’s location was changed across different experiment
runs. We kept these devices stationary for controlled experi-
ments,mimicking scenarioswhere a remotely-operated robot
performs berry-picking or de-weeding.
While in this setup, we used the in-bandWiFi connection

to configure the devices from the edge server. We separately
evaluate the feasibility and overhead of configuring on-field
devices over LoRa. It takes 1.3 seconds to send a control mes-
sage over LoRa, whereas a channel switch can cause an inter-
ruption of up to 5.2 seconds at the devices connected to theAP
that switches the channel. As we evaluate later, FarmNetes is
able to ensure such switches are rare for real-time flows.
Results:Figure4showstheperformanceatdifferent locations
of the video flow, comparing FarmNetes with the status quo
WiFi mesh baseline that picks the nearest AP at the 2.4GHz
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Figure 5: Trace-driven simulation results show improved throughput andmanagement of the farm networkwith FarmNetes.

over a randomly selected channel, and routes along the short-
estManhattanpath in the 5GHz tier.Given the relatively small
number of routers in our setup, FarmNetes picked the same
(optimal) paths for eachflowas the status quo.However, Farm-
Netes made smarter decisions about channel allocation, AP
selection, and especially rate assignment (prioritizing video
flows, and rate-limiting non-real-time flows to use only the
spare capacity). We observe how, with the status quo, video
flow suffers from high drop rates as non-real-time flows hogs
all the bandwidth. FarmNetes ensures almost zero drop rate
(<0.01%) and still ensures high enough throughput for non-
real-time flows. In some cases (e.g. when the video source
was at location 𝐶), the overall throughput was better with
FarmNetes because of careful channel allocation.

7.3 Trace-Driven Simulations
Our prototype deployment could only test certain aspects of
FarmNetes at a small scale. We augment our evaluation with
larger scale trace-driven simulations.
Simulator:We build a simulator to simulate FarmNetes’ two-
tieredmesh network. It can be configuredwith an inputwork-
load, comprising of source devices at specified locations, tra-
jectories for mobile devices (robots) and the corresponding
flow demands for both real-time and data collection tasks. It
implements FarmNetes’ TE techniques, alongwith other base-
lines that we compare against. We simulate ideal spectrum
sharing based on max-min fairness to split resource units at
a device among contending flows (although, in practice, the
MAC layer mechanisms may achieve arbitrary flow shares as
shown in Figure 3b, which would further degrade the base-
line’s performance). We use our measurement traces and the
formulations described in §4 to compute flow throughput
(including the effects of interference). Wemodel spatial varia-
tions in throughput by scaling the computed throughputwith
a scaling factor, sampled from a normal distribution observed
in our measurements in §3.1.

Workload:We simulate a square-shaped 450 acre farm that
has 225 routers placed in a 15 × 15 grid where each router is
90 meters apart. Five routers in the first-row are wired edge
gateway routers, directly connected to the edge server that is
the destination for all flowsdiscussed ahead.We simulate a du-
ration of about 2 hours. Based on §2, our input farmworkload
over the simulated duration contains a total of: (i) 40 non-
real-time flows uniformly spread across the farm with data
to send varying between 50 MBs and 500 MBs and a deadline
longer than 2 hours (ii) About 200 real-time tasks, each with
demands between 5 to 15 Mbps, duration between 5 and 20
minutes. The deadline is such that they can be scheduled 0-10
minutes after they have been requested. Most of these tasks
are uniformly distributed across the farm. 25% of the tasks are
colocated i.e. the senders are in comparatively close proximity.
These tasks simulate scenarios when the farm operator may
use multiple robots in the vicinity to complete a job quickly.
About 30% of the tasks originate frommobile devices, where
a mobile device travels a distance of 5-10 meters per minute
along the crop row over the duration of the task. At any time,
atmost 15 real-time flows are active.We invoke our TE engine
once every minute.
Baselines:We start off with a status quo baseline which cap-
tures howWiFi meshes typically operate. We do not employ
any scheduling or rate enforcement as the network operator
typically does not control when a flow should be scheduled
and how much data it puts out. All flows, real-time or non-
real-time, are scheduled as soon as they arrive and no flow
is explicitly rate-limited – the sending rates correspond to
the minimum of flow demands and the bottleneck network
capacity, computed as per themax-min fair link sharingpolicy
in our simulator. For each flow, we use the standard policy of
selecting the nearest router by distance (that has the highest
signal strength) as the AP. Similarly, we select the shortest
path by hop count when routing over the 5 GHz tier where
for each hop, we only consider the 8 immediate neighbors
(picking a random choice amongmultiple equal cost paths).
In the 2.4 GHz tier, channels are assigned randomly, whereas
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in the 5 GHz tier, all routers operate over the same 160 MHz
wide channel. This baseline is labeled as ‘Status Quo’ in our
results in Fig. 5.We also implement a state-of-the-art wireless
mesh routing (namely, Roofnet’s expected transmission time
based routing [1, 15]) as detailed later.
Results: Fig.5a shows the overall network throughput (com-
puted as the total amount of data transmitted to the wired
edge divided by the simulation duration), split between real-
time andnon-real-timeflows. Fig. 5b shows theCDFof quality
of service (QoS) of real-time flows calculated as throughput
achieved by a real-time task normalized by its demand.
• The status quo baseline results in poor overall throughput,
as it picks suboptimal paths and APs. Moreover, the QoS of
real-time flows is also quite poor (with 80% flows achieving
less than half their desired throughput) due to the lack of any
rate enforcement for non-real-timeflows.Wenextmake incre-
mental improvements over this baseline, adding TE elements
of FarmNetes one at a time.
•Wefirst addFarmNetes’APassignment and2.4GHzchannel
allocation algorithm, as described in §5.2 (ordering flows by
their slack time when assigning APs and channel). Doing so
improves overall throughput only slightly. The QoS of real-
time tasks also remains similar to the status quo, due to lack
of explicit rate enforcement, and also because more generally
the bottleneck occurs at the 5GHz tier near the edge routers.
However, when we isolate scenarios where there are more
end-devices in close vicinity of one another, we observe the
QoS improvement due to FarmNetes’ load-awareAP selection
algorithmover the status quo’snearestAP selection (as shown
in Figure 5c).
• Next, we add our 5 GHz channel assignment algorithm
which partitions the mesh network to operate on different
channels, as described in §5.3. This reduces interference in
5GHz tier and leads to significant improvement in overall
throughput.
•We next add FarmNetes’ scheduling and rate enforcement
logic as described in §5.5 and §5.6. This ensures that we pri-
oritize meeting the demands of real-time flows before allo-
cating any resources to non-real-time flows, thereby leading
to a huge improvement in QoS of real-time tasks (more than
80% real-time flows meet their desired demands). However
the overall throughput reduces because the load-unaware
shortest-hop routing leaves limited spare capacity for non-
real-time flows.
• Finally, we include our load-aware routing algorithm as
described in §5.4 to complete the design of FarmNetes. We
not only see a significant improvement in QoS of real-time
tasks but also see significant gains in overall throughput.
• Comparison with Roofnet: In figure 5d, we compare
our routing mechanism and the usefulness of rate enforce-
ment with another state-of-the-art wireless routing baseline
(Roofnet [1]). Roofnet measures the estimated transmission
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ensures high QoS without compromising throughput.
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time (ETT) for each link in the network using probe packets,
and picks the path with the lowest overall ETT. ETT captures
the effects of linkquality, interference, and (indirectly) conges-
tion. We directly calculate the ETT in our simulations using
our RU abstraction and load on the given router (as observed
in the previous epoch). We compare FarmNetes routing with
Roofnet and shortest-hop-count (as used in the status quo
baseline earlier) with and without explicit rate enforcement,
while implementingother elementsof FarmNetes (load-aware
AP and 2.4GHz selection, and 5GHz channel partitioning) for
all schemes.

We see that without explicit rate enforcement, none of the
routing algorithms can ensure good QoE for real-time tasks
(although Roofnet and FarmNetes routing fare better than
shortest-hop-count). When we add support for policy-driven
rate enforcement, the real-time QoS improves for all schemes,
but with some degradation in overall throughput caused by
rate-limiting of non real-time flows. FarmNetes achieves the
best outcome in this case (higher overall throughput for bet-
ter/similar QoS than others) because its centralized routing
explicitly minimizes congestion, allowing for more spare ca-
pacity in the network to accommodate more flows and higher
rates. Roofnet’s reactive routing is not able to minimize bot-
tlenecks to the same extent.
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•Comparisonwith other channel partitioning strate-
gies: We now compare FarmNetes’s channel partitioning
algorithmwith other simpler strategies (Figure 6). If we sim-
ply create equal sized partitions, we see a clear improvement
in overall throughput. However, we can improve real-time
tasks’ performance by creating load-aware partitions. This in
turn slightly reduces the overall data rate, as partitions can
be of quite uneven size and sometimes end up missing out on
enough non-real-time workload. By rebalancing load-aware
channel partitions, we are able to maintain high QoS, while
improving overall datarate.
• Scaling throughput: In figure 7 we show the effect of
topology on FarmNetes’ end-to-end throughput. We show
how simply increasing the number of routers in the network
does not improve the end-to-end throughput. In figure 7a,
we show how using more routers and placing them closer
together not only has diminishing returns in terms of overall
throughput, but throughput starts dropping off after a point.
This isbecauseweare inherentlybottleneckedby theavailable
spectrum in a location, where each hop’s transmission for a
flow consumes a part of this spectrum. The only way to scale
the throughput is by using more edge-layer routers. We show
this in Figure 7b, where throughput linearly increases as we
add more edge layer routers.
•Number of channel switches: In figure 8 we show how,
over different invocations, FarmNetes’ ensures that active
real-time flows see minimal channel switches, either on the
firsthopAPoron the5GHzpath.Weseezerochannel switches
for most flows, whereas > 2 switches for less than 3% flows.

8 RelatedWork
Farm Networking: Recent work has explored differ-
ent network connectivity options for farm workloads,
e.g.FarmBeats [53] proposes the use of TVWS base-stations
talking to on-field devices over WiFi, TVWS-Whisper [13]
enables LoRa-like connectivity for IoT devices over TVWS.
Our core contribution – centralized TE for a multihopWiFi
mesh in farms is orthogonal and complementary to these
work. Some of the prior work measure ZigBee [55] andWiFi
2.4GHz performance [9] in a farm at varying transmission
height above the crop canopy. Driven by requirements of

emerging farming techniques, we conduct the first under-
canopy measurement of WiFi throughput, which guides our
design.
Wireless Mesh: Proposed strategies for wireless mesh
networks have typically used decentralized routing proto-
cols [1, 12, 14, 15, 24, 30] and reactive channel assignment al-
gorithms [45]. Therehavebeena fewproposals for centralized
routing inWiFi mesh with the objective of energy conserva-
tion [2] and channel assignment for multi-band routers [43].
None of these work explicitly control the input traffic (i.e.
sending rates) – a key feature of FarmNetes that allows it
to control flow shares and enforce the desired prioritization
policy.
There is ongoing effort towards enabling wireless time-

sensitive networking (TSN) [10, 11], that involves using a cen-
tralized controller and time synchronization between trans-
mitting devices for frame-by-frame scheduling. These link
layer efforts, yet to be realized in practice, are orthogonal
and complementary to FarmNetes that directly controls flow
shares agnostic of the underlying link sharing mechanisms.
Traffic Engineering: Centralized TE is popularly used in
datacenterWANs [25, 26, 29]. TE can be formulated as amulti-
commodity flow problem (MCFP) [40]. The decision version
of this problem i.e. finding the feasibility of scheduling a
set of flows on a network is NP-Complete [18]. However,
linear programs exist for a version of MCFP when flows are
allowed to be split across multiple paths. Even then such LPs
are quite slowand scale poorly [36]. Previousworkhas looked
at faster solutions that trade-off some accuracy for better
scalability [32, 36]. While such solutions are appropriate for
WANTEwhere flows are aggregates ofmany individual flows
and thus splittable, they cannot be used in our context where
splitting a real-time flow across multiple paths can result in
severe degradation for application performance. SWAN [25]
uses demand pinning to route more critical flows along their
shortest paths and then solves MCFP on the residual network
for larger and less critical flows.Wealsousea similar approach
where we first schedule and route real-time flows, and then
use a water-filling algorithm to assign the left-over capacity
to non real-time flows.

9 Conclusion and FutureWork
In this work, we used networked farm applications as a com-
pelling case-study to design FarmNetes, a centralized TE sys-
tem for farmWiFi mesh. FarmNetes works with commodity
on-field devices, and controls network shares across flows
as per the desired policy by selecting appropriate routes and
sending rates, agnostic of the underlying MAC layer mecha-
nisms. Several interesting directions remain open for future
research. We discuss a few below:
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Power availability. We assume on-field routers are solar
powered with sufficient battery capacity. Future work can
extend FarmNetes to incorporate power efficiency as a goal.
Connectivity beyond WiFi. Other options for high-
bandwidth outdoor connectivity in rural farms include
TVWS [4] and CBRS [20]. WiFi offers several advantages
in comparison. WiFi is easier to set-up and deploy, is globally
available, has more spectrum available and is already inte-
grated into most sensors, robots, and cameras. The relatively
limited range of WiFi also has a benefit – greater spatial re-
use of the available spectrum. Nonetheless, we believe our
wireless TE design can also be extended to alternatives such
as TVWS and CBRS.
CentralizedTE in otherwireless contexts.Our TE system
can potentially apply to other contexts where wireless mesh
networks are used to support predictable and schedulable
workloads (e.g. factories, smart cities, mining, etc). It would
require profiling and predicting network performance, which
might be more challenging in a general (more heterogeneous
setting) than in a farm, but yet feasible.
Deployment challenges.Deploying aWiFi mesh and smart
devices in farms can be challenging and costly. While Farm-
Netes works with cheap off the shelf WiFi routers, we ac-
knowledge that deploying and maintaining such network at
scale can be cumbersome. Despite these challenges, we are
already seeing such deployments in practice (e.g. [41, 51]).
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A Appendix: Extended Analysis on
Computing Consumed Resource Units

We refer to the figure in §4 to provide further analysis of
our formulation for computing the amount of resource units
consumed by a flow due to interference.
Analysis for a single source of interference:We now

discuss the case where 𝑑𝐴𝐶 >𝑑𝐴𝐵 and the impact of interfer-
ence is realized through reduced signal-to-noise ratio.

𝑟 (𝑓𝐴→𝐵,𝐶)=𝑟 (𝑓𝐴→𝐵,𝐴)×
𝑙𝑜𝑔(𝑠𝑠 (𝑑𝐴𝐶 ))
𝑙𝑜𝑔(𝑠𝑠 (𝐷) (3)

We get Equation 3 by applying Shannon’s Law i.e.
𝑡ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡 (𝑑) ≈𝐵𝑊𝑙𝑜𝑔(𝑠𝑠 (𝑑)/𝑁 ) to Equation 2. Here, 𝐵𝑊
is the total channel bandwidth available for the transmission,
𝑠𝑠 (𝑑) is the signal strength at distance𝑑 (in the absence of any
interference), and 𝑁 is the noise floor (we assume noise floor
is constant across devices and ignore it for simplicity). The
specific value of𝛿 (𝑓𝐴→𝐵,𝐶) in our formulation closely approx-
imates the amount of resource units consumed at𝐶 when we
reason about the interference effects from 𝑓 in terms of using
the leftover resource units at𝐶 for another flow 𝑓 ′ from𝐶 to
𝐸 at distance 𝑑𝐶𝐸 =𝐷 (which is the inter-router distance in
our grid). As per our formulation, the datarate achieved by 𝑓 ′

will be its share of channel bandwidth multiplied by its signal
strength in dB (𝑙𝑜𝑔(𝑠𝑠 (𝑑𝐶𝐸))). This will be equal to:

= (1−𝑟 (𝑓𝐴→𝐵,𝐶))𝐵𝑊𝑙𝑜𝑔(𝑠𝑠 (𝑑𝐶𝐸))

=

(
1−𝑟 (𝑓𝐴→𝐵,𝐴)×

𝑙𝑜𝑔(𝑠𝑠 (𝑑𝐴𝐶 ))
𝑙𝑜𝑔(𝑠𝑠 (𝐷)

)
𝐵𝑊𝑙𝑜𝑔(𝑠𝑠 (𝑑𝐶𝐸)

= (1−𝑟 (𝑓𝐴→𝐵,𝐴))𝐵𝑊𝑙𝑜𝑔(𝑠𝑠 (𝑑𝐶𝐸) (4)

+𝑟 (𝑓𝐴→𝐵,𝐴)𝐵𝑊𝑙𝑜𝑔(𝑠𝑠 (𝑑𝐶𝐸)
(
1− 𝑙𝑜𝑔(𝑠𝑠 (𝑑𝐴𝐶 ))

𝑙𝑜𝑔(𝑠𝑠 (𝐷)

)
When 𝑑𝐶𝐸 =𝐷 , this is equal to:

= (1−𝑟 (𝑓𝐴→𝐵,𝐴))𝐵𝑊𝑙𝑜𝑔(𝑠𝑠 (𝑑𝐶𝐸) (5)

+𝑟 (𝑓𝐴→𝐵,𝐴)𝐵𝑊𝑙𝑜𝑔

(
𝑠𝑠 (𝑑𝐶𝐸)
𝑠𝑠 (𝑑𝐴𝐶 )

)
This captures the degradation in SINR for the transmission
from𝐶 to 𝐸 due to interference power of strength 𝑠𝑠 (𝑑𝐴𝐶 ) on
the portion of channel bandwidth (𝑟 (𝑓𝐴→𝐵,𝐴)) accessed by
the interfering flow 𝑓 .

Analysis formultiple sourcesof interference:Adevice
𝐶 may see interference frommultiple flows 𝑓1,....𝑓𝑘 sourced at
𝐴1,.....𝐴𝑘 . As mentioned in §4, we simply add up the amount
of resource units consumed by individual interfering flows
to approximate the cumulative level of interference. This is a
very close approximation when 𝛿 (𝑓𝑖 ,𝐶)=1, i.e. when source
of interference is so close that simultaneous transmission

is not possible. In cases where 𝛿 (𝑓𝑖 ,𝐶) < 1 (i.e. interference
effect is captured by degradation in channel quality), the addi-
tive model continues to provide a close approximation when∑(𝑟 (𝑓𝑖 ,𝐴𝑖 )) ≤ 1, where we can assume that interference from
different sources impacts different portions of the channel
(e.g. at different times). When 𝛿 (𝑓𝑖 ,𝐶)<1 and

∑(𝑟 (𝑓𝑖 ,𝐴𝑖 ))>1,
our additive model over-estimates the effects of interference
on the portions of channel bandwidth that experience simul-
taneous interference frommultiple sources. In particular, the
impact of simultaneous interference frommultiple sources
on datarate can be approximated as:

𝑑𝑎𝑡𝑎𝑟𝑎𝑡𝑒 =𝐵𝑊𝑙𝑜𝑔

(
𝑠𝑠 (𝑑)

𝐼1+𝐼2+ ...𝐼𝑛

)
=𝐵𝑊 (𝑙𝑜𝑔(𝑠𝑠 (𝑑))−𝑙𝑜𝑔(

∑︁
(𝐼𝑖 )) (6)

Here, 𝐼𝑖 denotes the strength of the interfering signal. Our
additive model will instead estimate the datarate associated
with the leftover channel-capacity (for the portion of channel
that experiences simultaneous interference) as:

𝑑𝑎𝑡𝑎𝑟𝑎𝑡𝑒 =𝐵𝑊 (𝑙𝑜𝑔(𝑠𝑠 (𝑑))−
∑︁

(𝑙𝑜𝑔(𝐼𝑖 )) (7)

This directly follows from the reasoning about a single in-
terference source detailed above. Given positive interference
signals (in dB), 𝐼𝑖 > 1 and

∑(𝑙𝑜𝑔(𝐼𝑖 )) > 𝑙𝑜𝑔(∑(𝐼𝑖 )), resulting
in over-estimated impact of interference. This overestimate
is restricted to portion of channel bandwidth that experi-
ence simultaneous interference (roughly corresponding to
(∑𝑟 (𝑓𝑖 ,𝐴𝑖 ) − 1) resource units). Moreover, its restricted to
settings where impact of interference is smaller to begin with
𝛿 (𝑓𝑖 ,𝐶)<1.
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