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Abstract

Soybean aphid, Aphis glycines Matsumura (Hemiptera: Aphididae), is a common pest of soybean, Glycine max
(L.) Merrill (Fabales: Fabaceae), in North America requiring frequent scouting as part of an integrated pest man-
agement plan. Current scouting methods are time consuming and provide incomplete coverage of soybean.
Unmanned aerial vehicles (UAVs) are capable of collecting high-resolution imagery that offer more detailed
coverage in agricultural fields than traditional scouting methods. Recently, it was documented that changes to
the spectral reflectance of soybean canopies caused by aphid-induced stress could be detected from ground-
based sensors; however, it remained unknown whether these changes could also be detected from UAV-based
sensors. Small-plot trials were conducted in 2017 and 2018 where cages were used to manipulate aphid popu-
lations. Additional open-field trials were conducted in 2018 where insecticides were used to create a gradient
of aphid pressure. Whole-plant soybean aphid densities were recorded along with UAV-based multispectral im-
agery. Simple linear regressions were used to determine whether UAV-based multispectral reflectance was as-
sociated with aphid populations. Our findings indicate that near-infrared reflectance decreased with increasing
soybean aphid populations in caged trials when cumulative aphid days surpassed the economic injury level,
and in open-field trials when soybean aphid populations were above the economic threshold. These findings
provide the first documentation of soybean aphid-induced stress being detected from UAV-based multispectral
imagery and advance the use of UAVs for remote scouting of soybean aphid and other field crop pests.
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Soybean, Glycine max (L.) Merrill (Fabales: Fabaceae), is currently
the most widely grown field crop in the United States, with 36.5 mil-
lion hectares producing over 120 million metric tons of grain in 2017
(USDA-NASS 2018). The United States continues to lead the world
in soybean production and the north-central United States accounts
for over 75% of the nation’s production (USDA-NASS 2018). Over
the past two decades, however, there has been a dramatic change
in soybean production in the north-central United States, due to
an invasive species, the soybean aphid, Aphis glycines Matsumura
(Hemiptera: Aphididae). Prior to the invasion by soybean aphid in
2000, there were few insects reaching levels causing economic in-
jury to soybean and fewer than 0.1% of soybean fields in the north-
central United States were sprayed with insecticide (Ragsdale et al.
2011, Hodgson et al. 2012). However, by 2006, there was more than

a 130-fold increase of insecticide applications to soybean in the re-
gion (Ragsdale et al. 2011, Hodgson et al. 2012). This increase was
largely due to the soybean aphid’s ability to rapidly reproduce and
reduce soybean yields (Beckendorf et al. 2008, Ragsdale et al. 2011).

Soybean aphid damages soybean by inserting piercing-sucking
mouthparts into the phloem of the plants to extract photosynthate
(Tilmon et al. 2011). This feeding can decrease yield through plant
stunting, decreased leaf area, reduced pod and seed number, decreased
seed weight and oil concentrations, and even plant death (Hill et al.
2004, Mensah et al. 2005, Ragsdale et al. 2007, Beckendorf et al.
2008). Furthermore, soybean aphids excrete honeydew on leaf sur-
faces while feeding, which can promote the growth of sooty mold
(Tilmon et al. 2011) and further reduce yields by inhibiting photo-
synthesis (Hill et al. 2010). Soybean aphid infestations left untreated
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have been documented to reduce soybean yields by more than 40%
(Ragsdale et al. 2007). Soybean aphid is considered the most eco-
nomically important insect pest of soybean in the north-central
United States (Ragsdale et al. 2007, Hurley and Mitchell 2017) and
considerable research has been performed to develop cost-effective
management strategies for soybean aphid (Hodgson et al. 2004,
2007, 2012; Ragsdale et al. 2007; Ragsdale et al. 2011).

Current management recommendations involve routine scouting
of soybean fields to monitor soybean aphid populations (Hodgson
et al. 2004). Routine scouting is needed because widespread out-
breaks of soybean aphid are erratic, and the timing of colonization
can fluctuate (Hodgson et al. 2012). When aphid populations reach
an economic threshold of 250 aphids per plant, chemical control
is recommended to prevent aphids from reaching the economic in-
jury level of ~674 aphids per plant (Ragsdale et al. 2007, Koch et al.
2016). While many farmers follow these recommendations, some
farmers are reluctant to adopt these practices because the scouting
process can be arduous and time consuming (Bueno et al. 2011).
A more efficient binomial sampling plan was established in 2004,
but further testing of this method found that correct management
decisions were attained only 79% of the time, the other 21% of the
time decisions to apply insecticide were made before aphid popula-
tions reached the economic threshold (Hodgson et al. 2004, 2007;
Ragsdale et al. 2011). Furthermore, current scouting practices do not
provide complete coverage of a field creating the potential to miss
areas heavily infested with soybean aphid. The difficulty associated
with counting aphids within a large field of densely planted soy-
bean and the lack of coverage provided by current scouting methods
has led some farmers to use prophylactic applications of insecticides
rather than base chemical treatment on estimates of aphid popu-
lations in the field (Olson et al. 2008). This prophylactic method
of control can increase production costs and risk for development
of insecticide resistance, and be detrimental to nontarget organisms
and water quality (Song and Swinton 2009, Bueno et al. 2011, Koch
et al. 2016). Incorporating remote sensing offers the potential to im-
prove management of soybean aphid by decreasing the effort and
cost of scouting while increasing field coverage, which may increase
adoption of management practices based on estimates of in-field pest
abundance and thereby decrease unnecessary pesticide applications.

Remote sensing has been used to provide valuable insight into
crop management for over 50 yr (Hatfield et al. 2008). Remote
sensing for agriculture passively obtains information about within
field variability in the health of a crop by relating electromagnetic, or
spectral, reflectance to plant biological components and physiology,
such as foliar pigment content, cellular structure, water content, as
well as canopy coverage and architecture (Pinter et al. 2003). One of
the most commonly used spectral indices for remote sensing in agri-
culture is the normalized difference vegetation index (NDVI). The
NDVI is particularly helpful because it combines red reflectance with
near-infrared reflectance (NIR). Red reflectance is an indicator of
chlorophyll content of the plant canopy and active photosynthesis;
and NIR provides information about the cellular structure and intra-
cellular air spaces within leaves, overall canopy coverage, and above
ground biomass (Hatfield et al. 2008). When these wavelengths are
combined in an index, like NDVI, it provides a measure of overall
plant health and has frequently been correlated with crop yield (Ma
et al. 2001).

In soybean, different forms of crop stress, such as nutrient de-
ficiencies (Milton et al. 1991, Bai et al. 2018), soybean cyst nema-
tode, Heterodera glycines Ichinohe (Tylenchida: Heteroderidae)
(Nutter et al. 2002, Bajwa et al. 2017), soybean sudden death
syndrome, Fusarium virguliforme O’Donnell & Aoki (Hypocreales:

Nectriaceae) (Bajwa et al. 2017, Hatton et al. 2017, Hatton 2018,
Herrmann et al. 2018, Menke 2018), weed pressure (Koger et al.
2003, Chang et al. 2004, Henry et al. 2004, Gray et al. 2009), and
drought stress (Pinter et al. 2003, Jackson et al. 2004, O’Shaughnessy
et al. 2011) affect the spectral reflectance of the plants, which can be
detected through remote sensing. The biophysical principles behind
remote sensing have remained generally consistent over the past 50
yr; however, the technology used to record this information has not.
Previously, remote sensing in agriculture used either ground-based
systems, which are often restricted by small mapping swaths and
limited transportability, or satellites and piloted aircraft which have
been expensive, low-resolution, and limited by atmospheric condi-
tions and orbital periods. (Lelong et al. 2008, Zhang and Kovacs
2012). More recently, however, unmanned aerial vehicles (UAVs)
equipped with ultra-high spatial resolution multispectral sensors
have become increasingly available to consumers and promise low-
cost near real-time image acquisition for use in agricultural applica-
tions (Nebiker et al. 2008).

Recently, it was reported ground-based remote sensing of soy-
bean was capable of detecting stress to plants caused by soybean
aphid (Alves et al. 2015, 2019). However, it remains unknown if
the stress caused by soybean aphid to soybean can be detected from
UAV-based sensors. Therefore, the goal of this research was to de-
termine whether soybean aphid-induced stress can be detected from
UAV-based multispectral sensors. The results of this research will
help to identify how UAV-based remote sensing can be incorporated
into current crop scouting practices to improve scouting efficiency
and adoption of IPM strategies.

Materials and Methods

Caged-Plot Experiments

Research trials were conducted in 2017 and 2018 at both the
University of Minnesota Outreach, Research, and Education Park
in Rosemount, MN (44° 44’ 1.2804” N, 93° 5" 4.2288” W) and
at the Towa State University Northern Research Farm in Kanawha,
IA (42° 55° 51.3408” N, 93° 47" 32.4168” W) (Table 1). Twenty-
four plots were established at each location in both years. Each plot
was created by planting soybean in two 2.5-m-long rows with 76.2-
cm row spacing at a seeding rate of 345,000 seeds per hectare. Of
these 24 plots, a subset of 12 plots were selected at each location
that were not inoculated with pathogens at the time of planting.
In Rosemount, soybean variety MN1410R2F5-121 was planted
on 8 May 2017 and 10 May 2018. In Kanawha, soybean variety
Syngenta S24-K2 was planted on 24 April 2017 and 18 May 2018.
No fertilizer was applied at either location and weeds were man-
aged by applying pre-emergent herbicide followed by hand weeding
after growth stage VE (Fehr and Caviness 1977). At growth stage
V3, plants were carefully inspected for soybean aphids, any aphids
found were recorded and removed from plants either by hand or
with an insecticide treatment, then PVC frames (1.5 x 2.5 m) were
placed over each plot and covered with NO-SEE-UM mesh cages
(Quest Outfitters, Sarasota, FL) to prevent aphid colonization. In
Rosemount in both 2017 and 2018, soybean aphids infested the
plots before cages were placed in the field. To remove aphids in
2017, all plots were sprayed with A-cyhalothrin (116 ml product per
ha, Warrior II with Zeon Technology, Syngenta, Greensboro, NC)
on 15 June and again with a formulated mixture of A-cyhalothrin
and thiamethoxam (328 ml product per ha, Endigo ZC, Syngenta,
Greensboro, NC) on 27 June. To remove aphids in 2018, all plots
were sprayed with a formulated mixture of A-cyhalothrin and
thiamethoxam (328 ml product per ha, Endigo ZC, Syngenta) on
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Table 1. Description of experimental details used to determine whether soybean aphid-induced stress could be detected with UAV-based

remote sensing

Experiments Location Treatments Sample Size Year Sample Dates
Caged-Plot Rosemount, MN Aphid infested vs. n=12 2017 8 and 22 Aug.
Trials uninfested
Rosemount, MN Aphid infested vs. n=11 2018 8 and 13 Aug.
uninfested
Kanawha, IA Aphid infested vs. n=12 2018 10 and 22 Aug.
uninfested
Open-Field Rosemount, MN Treated with insecticide vs. n=16 2018 15 and 22 Aug.
Trials Plot 1 Untreated
Rosemount, MN Treated with insecticide vs. n=16 2018 15 and 22 Aug.
Plot 2 Untreated

1 June. Cages were inspected weekly to ensure plants stayed free of
aphids until the planned infestation.

The 12 plots at each location were divided into two treat-
ments, aphid-free and aphid-infested, in a completely randomized
design. In both 2017 and 2018, the aphid-infested treatment was
infested with soybean aphids at growth stage R3. In 2017, the
infestation procedure consisted of infesting each plot with 200
mixed-stage aphids (i.e., nymphs + wingless adults) on 17 July
in both locations. Due to poor aphid establishment in infested
cages in Kanawha in 2017, each infested plot in 2018 received
400 mixed-stage aphids on 16 July in Rosemount and 18 July in
Kanawha.

These infestations were accomplished by pinning leaf cuttings,
each with 25 mixed-stage soybean aphids, to the abaxial side of
the uppermost fully expanded trifoliate of plants within the caged
plots. These infested leaf cuttings were evenly spaced throughout
the plot. In 2017, each infested plot received 8 leaf cuttings and in
2018 each infested plot received 16 leaf cuttings. Soybean aphids
were taken from a laboratory colony to infest cages at both lo-
cations in 2017 and in Kanawha in 2018. Several caged plots in
Rosemount in 2018 were blown open during a storm on 17 June,
and consequently three plots were naturally infested with soybean
aphid before the intentional infestation. While two of these plots
had fewer than 60 aphids per plant on 9 July, one plot exceeded
the economic threshold (i.e., 250 aphids per plant) and was re-
moved from the experiment, resulting in 6 aphid-infested plots
and 5 aphid-free plots in Rosemount in 2018. Aphids from the
plot that was removed from the experiment were used to arti-
ficially infest the remaining aphid-infested plots at that location
in 2018.

Before and after infestation, aphid densities for each plot were
estimated weekly from 6 June to 23 August 2017 in Rosemount
and 13 June to 23 August 2017 in Kanawha. In 2018, aphid
densities for each plot were estimated weekly from 25 June to
13 August 2018 in Rosemount and § July to 22 August 2018 in
Kanawha. In order to assess the aphid populations in each plot,
the fine-mesh cages were temporarily removed to allow counting
and were replaced after the counts were recorded. The two rows
of each plot were visually divided into four evenly spaced sections
and one plant was randomly selected from each section of row, for
a total of eight plants per plot. The number of aphids on each of
these plants was assessed by nondestructive, whole-plant counts.
Caution was taken to minimize the risk of inadvertent transfer of
aphids to aphid-free plots.

Open-Field Experiments

Open-field experiments were conducted in 2018 at the University of
Minnesota Outreach, Research, and Education Park in Rosemount,
MN (Table 1). A commercial field was planted on 17 May 2018
with soybean variety Asgrow-AG1435 at a seeding rate of 368,000
per hectare and 76.2-cm row spacing. No fertilizer was applied,
and weeds were managed by applying labeled rates of pre-emergent
herbicide on 21 May 2018, and postemergent herbicide on 22 June
2018. Any weeds found within the sample area after postemergent
herbicide application were removed by hand to ensure there were no
weeds present during image acquisition. Two 0.4-hectare plots were
established by tilling a 1.5-m alley around uniform areas within the
field on 13 August. When soybean aphid densities reached an average
of 250 aphids per plant, a strip measuring 15.9-m by 63.6-m in each
of these 0.4-hectare plots was sprayed with a formulated mixture of
A-cyhalothrin and thiamethoxam (328 ml product per ha, Endigo,
Syngenta) to create different levels of aphids within each plot.

A 16-cell grid was created within each 0.4-hectare plot with each
cell measuring 15.9 x 15.9 m. Within each cell, aphid densities were
estimated from 8 to 10 plants selected in a stratified random method
on 15 and 22 August 2018. The number of aphids on each plant
were assessed by destructive, whole-plant counts. The global posi-
tioning system (GPS) coordinates of each plant counted for aphids
was recorded with a handheld GPS unit (GPSmap 62s, Garmin Ltd,
Olathe, KS) with a GPS signal accuracy of less than 3 m.

Spectral Reflectance Measurements

Canopy spectral reflectance measurements were recorded weekly
from caged plots at both locations between 8 and 22 August in
2017 and 2018. Canopy spectral measurements were recorded
from 0.4-hectare open plots on 15 and 22 August 2018. Imagery
was recorded with a nadir-facing multispectral camera (Quad
Multispectral Sensor, Sentera Inc., Minneapolis, MN) mounted on
an UAV (Solo, 3DR, Berkeley, CA). The multispectral camera was
attached to the UAV via a vibration plate to minimize distortion in
the imagery caused by UAV movement. The multispectral camera
was equipped with a standard red, green, and blue color light sensor
(1.2MP CMOS RGB), and customized to include a narrowband red
sensor (1.2MP CMOS Mono 675 = 12.5 nm), a narrowband near-
infrared sensor (1.2MP CMOS Mono 775 = 12.5 nm), and a broad-
band near-infrared sensor (1.2MP CMOS Mono 825 = 100 nm).
These customized bands were selected based on previous ground-
based remote sensing work for soybean aphid, and preliminary ana-
lysis of band simulation and optimization for soybean aphid (Alves
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et al. 2015, 2019). All sensors had global shutter, a lens focal length
of 6.05 mm, and were set to autoexposure during image capture.
Flights were automated using the open-source software, Mission
Planner (available and maintained ardupilot.org), and performed in
a cross-grid pattern with 80% forward overlap and 70% sidelap, at
an altitude of 50 m in 2017 (3.2-cm Pixel GSD), and at 40 m in 2018
(2.5-cm Pixel GSD) on both the caged and open plots following re-
commendations included in the Sentera documentation packet
(Quad Multispectral Sensor Documentation Packet, Sentera Inc.).

Imagery was recorded within 2.5 h of solar noon to minimize the
effect of solar angle and shadowing on the crop canopy. Furthermore,
all imagery was recorded after canopy closure to minimize the effect
of bare ground and shadowing within the spectral measurements. All
caged plots and open fields were also scouted prior to image acqui-
sition to ensure there were no other confounding factors within the
sampled areas such as disease, drought stress, nutrient deficiency, or
other common stressors.

In an attempt to minimize atmospheric effects on the recorded
imagery, flights were only flown when light conditions were uni-
form, such as cloudless days or at times when no visible clouds were
moving between the sun and the crop canopy. To avoid potential
damage to plants or handling effects, imagery was recorded imme-
diately after the mesh cages were removed from the caged-plots and
before performing aphid counts and all aphid counts in the open
fields were recorded either the day before or the day after UAV-based
spectral measurements were taken. Reference panels with known re-
flectance properties were placed in the field prior to each flight to aid
in converting camera Digital Number (DN) values to relative reflect-
ance through the empirical line method (Smith and Milton 1999).

Image Processing

Before images were processed, each image was visually inspected
for quality ensuring no hotspots or banding was observed in the
imagery. Imagery was then normalized for autoexposure, stitched
into orthomosaics, and converted to relative reflectance. Prior to
correction for autoexposure, images were cast from 8-bit depth to
16-bit depth in MATLAB Image Processing Toolbox (MathWorks
Inc., Massachusetts) to avoid saturation during autoexposure cor-
rection. Images were then corrected for exposure time, digital gain,
and analog gain using;

DN

N lized DN = - : Sai
ormalize (Exposure Time * Digital Gain * 24nalog Gain)

(Quad Multispectral Sensor Documentation Packet, Sentera Inc.).

The images were then stitched using Pix4Dmapper (Pix4D SA,
Lausanne, Switzerland) using the camera model parameters re-
commended within the Sentera documentation packet, and the
Sentera template for processing options (Quad Multispectral Sensor
Documentation Packet, Sentera Inc.). Coefficients from a linear fit
between observed DN and known reflectance of the reference panels
were used with the empirical line method for reflectance calibration
of the Pix4D generated orthomosaics (Smith and Milton 1999).

Analyses

For the caged-plot experiment, plot reflectance values were ex-
tracted from the stitched orthomosaics using Image] (Version 1.52k,
National Institutes of Health, Bethesda, MD). The area of reflectance
extracted from each plot was centered over the middle of the two
rows and was the same size for each plot, ensuring not to include
pixels of the cage frame around each plot. The aphid counts were
converted to cumulative aphid days (CAD), which is a measure of

the cumulative aphid stress caused to the plants over time. CAD was
calculated following the methods proposed by Ruppel (1983) and
adapted for aphids by Hanafi et al. (1989).

We selected narrowband NIR (775 = 12.5 nm), narrowband red
(675 = 12.5 nm), and the vegetation index NDVI for analyses as
these have previously been identified as affected by soybean aphid-
induced stress in ground samples (Alves et al. 2015). NDVI was
calculated as NDVI=[(NIR-red)/(NIR+red)] (Rouse Jr. et al. 1973).
Simple linear regression followed by analysis of variance (ANOVA)
(R Development Core Team 2013) was used to determine whether
CAD had an effect (a0 = 0.05) on aerially measured spectral reflect-
ance (Alves et al. 2015, 2019). Visual assessment of residual plots
indicated log10 transformation of CAD was required to meet statis-
tical assumptions for linear regression analysis.

For the open-field experiments, the cells in each 0.4-hectare plot
consisted of 4 cells over the insecticide-treated area, and 12 cells
over the untreated area. Only the narrowband NIR (775 = 12.5 nm)
sensor was used for analysis of the open-field experiments, because
it was found to be the optimal band for detecting aphid-induced
stress in previous research and was unlikely to be affected by insecti-
cide treatments (Alves et al. 2017, 2019). Reflectance data within
each cell were equally cropped on all sides to avoid any edge ef-
fects around the borders of the 0.4-hectare plot and between the
insecticide-treated area and untreated area. Reflectance values were
extracted in R (raster package, Hijmans 2017, R Development Core
Team 2013). Only aphid counts within the cells after cropping were
averaged to obtain a single average value of aphids per plant for each
cell. Simple linear regression followed by ANOVA (R Development
Core Team 2013) was used to determine whether average number
of aphids per plant had an effect (o = 0.05) on spectral reflectance
values. CAD was not used for this experiment because aphid counts
were taken on too few sample dates. Residual plots were visually
inspected to ensure assumptions were met for linear regression
analysis.

Results

Caged Plots

On 8 and 22 August 2017 in Rosemount, 8 and 13 August 2018
in Rosemount and 22 August 2018 in Kanawha, aphids surpassed
the economic injury level (6,500 CAD) within the infested cages
(Ragsdale et al. 2007). However, on 10 August 2018 at the time spec-
tral measurements were taken in Kanawha, aphids had not reached
the economic injury level. Across sites and years, red reflectance was
not associated with CAD (Table 2), except for 13 August 2018 in
Rosemount where red reflectance increased with increasing CAD
(Table 2). On all dates where soybean aphid populations reached
the economic injury level, NIR reflectance decreased with increasing
CAD (Table 2). On 10 August 2018 in Kanawha, which was before
soybean aphid reached the economic injury level, NIR reflectance
was not associated with CAD (Table 2). When CAD reached the eco-
nomic injury level there were also decreases in NDVI values with
increasing CAD (Table 2), except in Kanawha on 22 August 2018
where there was a marginal decrease in NDVI values with increasing
CAD (Table 2). On 10 August 2018 in Kanawha, there was no asso-
ciation between NDVI and CAD.

Open-Field Experiments
Plot 1 had 347 = 69 (mean = SEM) aphids per plant in the treated

areas and 861 = 42 aphids per plant in the untreated areas on 15
August 2018. On this date, NIR reflectance decreased by 0.5%
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Table 2. Model estimates from simple linear regressions for the effect of log10-transformed CAD on soybean canopy red reflectance, NIR,
and NDVI recorded from an UAV from caged-plots in Rosemount, MN, 2017, and Rosemount, MN and Kanawha, 1A, 2018

Wavelength/Index Site Date Intercept Slope F-value,, P-value R?
Red (675 = 12.5 nm) Rosemount, MN 8 Aug. 2017 2.927 0.013 0.008,, ,,, 0.784 0.008
Rosemount, MN 22 Aug. 2017 1.755 0.053 2.755 1 0.128 0.216
Rosemount, MN 8 Aug. 2018 2.068 0.089 2.010,,, 0.190 0.183
Rosemount, MN 13 Aug. 2018 0.996 0.175 6.812 0.028* 0.431
Kanawha, 1A 10 Aug. 2018 1.767 -0.010 0.217, 0.652 0.021
Kanawha, IA 22 Aug. 2018 1.663 7.83 x 107 0.000,, 0.997 0.000
NIR (775 = 12.5 nm) Rosemount, MN 8 Aug. 2017 73.588 -3.144 10.900, ,, 0.008* 0.522
Rosemount, MN 22 Aug. 2017 51.955 -4.331 5.791 ) 0.037* 0.367
Rosemount, MN 8 Aug. 2018 71.727 -7.680 21.800,, 0.001* 0.708
Rosemount, MN 13 Aug. 2018 89.487 -11.504 45.250,,,, <0.001* 0.834
Kanawha, IA 10 Aug. 2018 49.253 -0.234 0.186, 0.676 0.018
Kanawha, IA 22 Aug. 2018 39.918 -0.980 6.496, 0.029* 0.394
NDVI Rosemount, MN 8 Aug. 2017 0.925 -5.30 x 103 5.400, 0.042* 0.351
(R e) Rosemount, MN 22 Aug. 2017 0.968 -0.023 7.373 0.022* 0.424
Rosemount, MN 8 Aug. 2018 0.982 -0.026 17.550,,,, 0.002* 0.661
Rosemount, MN 13 Aug. 2018 1.045 -0.033 26.770(]’% <0.001* 0.748
Kanawha, IA 10 Aug. 2018 0.930 1.58 x 10-° 0.000,, ,,, 0.92 0.000
Kanawha, IA 22 Aug. 2018 0.920 -0.002 4.389, 0.063 0.305

*Indicates a significant effect of CAD on canopy reflectance (a0 = 0.05). Otherwise, CAD had no significant effect on reflectance.

Table 3. Model estimates from simple linear regressions for the effect of soybean aphid density (aphids per plant) on soybean canopy NIR
recorded by UAV from open fields in Rosemount, MN, 2018

Wavelength Site Date Intercept Slope F-value,, P-value R?

NIR Plot 1 15 Aug. 2018 58.286 -0.005 11.929“!14) 0.004* 0.460

775 £12.5 nm Plot 1 22 Aug. 2018 55.562 -0.011 78.900“)14) <0.001* 0.849
Plot 2 15 Aug. 2018 54.570 -0.003 3.723‘1&4) 0.074 0.210
Plot 2 22 Aug. 2018 60.945 -0.010 10.668 0.006* 0.432

(1,14)

*Indicates a significant effect of soybean aphid density on soybean canopy reflectance (o = 0.05). Otherwise, soybean aphid density had no significant effect on

reflectance.

per 100 aphids per plant (Table 3). On 22 August 2018 in plot 1,
the treated area had 81 = 27 aphids per plant on average, while
the untreated area had 798 = 31 aphids per plant. On this date,
NIR reflectance decreased by 1.0% per 100 aphids per plant
(Table 3).

In plot 2, the treated portion of the plot had 226 = 53 aphids per
plant and the untreated portion had 665 = 82 aphids per plant on
average on 15 August 2018. On this date, NIR reflectance decreased
marginally by 0.3% per 100 aphids per plant (Table 3). On 22
August 2018 in plot 2, the treated portion of the plot had 119 = 24
aphids per plant, and the untreated portion of the plot had 400 = 41
aphids per plant. On this date, NIR reflectance decreased by 1.1%
per 100 aphids per plant (Table 3).

Discussion

The use of UAVs for agriculture has immense potential to improve
decision making for crop management by providing high tem-
poral and spatial resolution information on soils, crop nutrients,
pests, moisture, and yield (Canis 2015). Previous research showed
the potential for use of remote sensing for soybean aphid through
ground-based research (Alves et al. 2015, 2019). The findings from
the present experiments provide the first documentation of UAV-
based remote detection of soybean aphid-induced stress in soybean.
Further work is needed to determine whether ground-based remote

sensing for other pests and cropping systems may also extend to
UAV-based approaches.

These findings advance the use of UAVs and remote sensing as ac-
tionable tools for scouting soybean aphid. On caged soybean plants,
soybean aphid caused significant decreases in NIR reflectance and
NDVI, but there were generally no changes to red reflectance, except
for in the caged-plot experiment on 13 August 2018. These results,
showing a decrease in NIR reflectance and NDVI caused by soy-
bean aphid-induced stress, agree with previous ground-based remote
sensing work on soybean aphid (Alves et al. 2015, 2019) and are
consistent with remote sensing findings of other species of aphids
and other hemipterans in grain crops (Mirik et al. 2007; Elliott et al.
2007, 2009, 2015; Prabhakar et al. 2011, 2013). When significant
relationships were detected between CAD and reflectance, aphid
populations were relatively high (i.e., above EIL). Because signifi-
cant associations in the caged experiment were only observed when
aphid populations exceeded the EIL, using linear regressions of spec-
tral data for detecting soybean aphid-induced stress may not identify
stress early enough to make actionable decisions and prevent eco-
nomic injury. Further work is required to determine whether action-
able decisions can be made from this research, specifically, it needs
to be determined if these measured changes in reflectance can be
used to classify aphid pressure as above or below treatment thresh-
olds and differentiate aphid-induced stress from other stressors.
Currently, these findings suggest that remote sensing may aid in
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conventional scouting by directing the field scout to areas with de-
creased NIR reflectance.

The use of insecticides or cages to manipulate pest populations in
remote sensing experiments may incorporate potential confounding
factors by affecting the relevance of the results to production condi-
tions. In a recent experiment, Alves et al. (2017) found that certain
insecticides can have an effect on leaf-level reflectance in the visible
portion of the spectrum, but they did not find an effect of insecticides
on NIR reflectance (Alves et al. 2017); therefore, insecticide impacts
on the NIR spectral measures in the present studies were assumed
to be minimal. Furthermore, the pattern of aphid-induced change in
NIR reflectance found in open plots also held for caged plots, which
suggests the measured effects on NIR reflectance were the result of
soybean aphid-induced stress and are robust to these experimental
manipulations.

The increase in red reflectance seen in caged plots on 13 August
2018 contrasts previous findings for ground-based remote sensing
of soybean aphid, which showed either no change or a decrease
in red reflectance for leaf-level measurements (Alves et al. 2015).
In soybean and other plants, an increase in red reflectance is com-
monly associated with reductions in chlorophyll (Chappelle et al.
1992, Gitelson et al. 2003). Soybean aphid feeding may cause a
reduction in chlorophyll content of soybean (Diaz-Montano et al.
2007), which could explain the increase in red reflectance exhibited
on 13 August 2018. However, chlorophyll measurements were not
recorded in the present study.

Sooty mold is a common sign associated with soybean aphid
infestations in the field (Koch et al. 2016). There were a number
of cages and spots within field plots in which sooty mold started
to develop on the honey-dew-coated leaves. Previously it has been
documented in greenhouse experiments that citrus leaves covered in
sooty mold showed an increase in red reflectance (Summy and Little
2008). The presence of sooty mold is another potential explanation
for the significant increase in red reflectance seen on 13 August 2018,
when many of the aphid-infested plots had sooty mold from aphid
populations above economic injury level.

Our experiments showed that the decrease in NDVI values
caused by soybean aphid-induced stress was largely driven by de-
creased NIR reflectance. This suggests NIR alone may be suitable
for mapping soybean aphid-induced stress in soybean fields. Many
other causes of soybean stress have been documented to affect NIR
reflectance and the visible spectrum (Vigier et al. 2004, Gazala et al.
2013, Bajwa et al. 2017). Soybean aphid generally did not affect the
red portion of the spectrum, so there may be potential for the differ-
entiation of soybean aphid-induced stress from other forms of stress
in soybean by using combinations of wavelengths as has been at-
tempted in several cropping systems (Yuan et al. 2014, Bajwa et al.
2017). Diseases such as soybean cyst nematode and sudden death
syndrome have been documented to affect NIR reflectance and
NDVI values in similar ways to soybean aphid-induced stress, but
these diseases also sometimes affect the visible spectrum in ways not
observed for soybean aphid in this study (Bajwa et al. 2017, Hatton
2018, Herrmann et al. 2018, Menke 2018). The development of
tools to differentiate between the spectral response caused by these
diseases and soybean aphid-induced stress is ongoing.

More research is necessary in order to develop an actionable
management system including remote sensing for soybean aphid.
Early uses of remote sensing for scouting soybean aphid will likely
rely on spectral data to identify areas with stressed plants followed
by ground-truthing, because remote sensing data is often more
meaningful when combined with ground data (Casady and Palm
2002; Liaghat and Balasundram 2010). However, there is potential

for remote sensing to improve detection of soybean aphid-induced
stress and differentiate it from other types of stress encountered
within a field.
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