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Digital morphological data
can generate accurate
pre-emergence herbicide
dose-response curves in
Chenopodium album L
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Luigi Peracchi® and Franco Sanchez-lzurieta?

'United States Department of Agriculture, Agricultural Research Service, Wheat Health, Genetics, and
Quiality Research Unit, Pullman, WA, United States, 2Department of Crop and Soil Sciences,
Washington State University, Pullman, WA, United States

Introduction: Herbicide dose-response assays are routinely implemented to
compare herbicide resistance among weed biotypes, which requires plant
biomass to estimate the dose that reduces growth by 50% relative to untreated
plants (GRsp). The Phenospex TraitFinder is a high-throughput, non-destructive,
digital phenotyping system that collects data from 7 spectral parameters and 13
morphological parameters, including Digital Biomass (DB), which offers the
opportunity for researchers to eliminate the time and labor associated with
manual biomass collection. However, DB is the product of 3D Leaf Area and
Plant Height (PH) Mean, making it a measurement of plant volume and an indirect
indicator of biomass. While DB is highly correlated with true biomass, digitally
collected plant volume data has not been implemented for dose-response assays
or assessed for accuracy relative to true biomass data. Additionally, inaccurate PH
measurements could impact the accuracy of DB measurements.

Methods: This study sought to assess the accuracy and utility of DB and the 19
remaining parameters in dose-response assays by comparing dose-response
curves and GRsg estimates generated from digital data and fresh biomass (FB)
data. Accuracy of PH measurements were also assessed by comparing digital and
manual measurements with the paired t-test. Pre-emergence dose-response
assays using fomesafen and atrazine were implemented with common
lambsquarters (Chenopodium album L.). At 21 days after treatment, manual
measurements of FB and PH were collected following digital data collection.
Results: Consistently strong correlations (r = 0.97, P < 0.05) were observed
between digitally collected data and their equivalent manual measurements.
Comparisons of the dose-response curves indicated that only 3D Leaf Area, DB,
Convex Hull Area, Projected Leaf Area, and Voxel Volume Total generated highly
similar curves and GRsq estimates relative to FB data, indicating that any one or all
of these parameters could be utilized instead of FB. Small differences
(approximately 1.06 to 1.77 mm) between manual and digital PH measurements
were identified with the paired t-test, but since DB consistently produced similar

01 frontiersin.org


https://www.frontiersin.org/articles/10.3389/fpls.2026.1779398/full
https://www.frontiersin.org/articles/10.3389/fpls.2026.1779398/full
https://www.frontiersin.org/articles/10.3389/fpls.2026.1779398/full
https://www.frontiersin.org/articles/10.3389/fpls.2026.1779398/full
https://www.frontiersin.org/articles/10.3389/fpls.2026.1779398/full
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org
http://crossmark.crossref.org/dialog/?doi=10.3389/fpls.2026.1779398&domain=pdf&date_stamp=2026-04-21
mailto:olivia.landau@usda.gov
https://doi.org/10.3389/fpls.2026.1779398
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/plant-science#editorial-board
https://www.frontiersin.org/journals/plant-science#editorial-board
https://doi.org/10.3389/fpls.2026.1779398
https://www.frontiersin.org/journals/plant-science

Landau et al.

10.3389/fpls.2026.1779398

dose-response curves and GRsg estimates relative to FB, these differences did not
impact the accuracy of DB measurements.

Discussion: Without requiring manual biomass collection, turnaround time for
dose-response and other phenotyping assays decreases and allows faster sharing
of research. Furthermore, herbicide-resistant plants can be preserved for
phenotyping at later growth stages, tissue collection, and to produce progeny
for future experiments.

KEYWORDS

atrazine, digital biomass, digital phenotyping, dose-response, fomesafen,
morphological data, spectral data

1 Introduction

After herbicide-resistant weeds have been identified under field
conditions, seeds from these biotypes are typically sent to weed
scientists for further evaluation. Dose-response assays are a staple
within weed science for quantitatively characterizing herbicide-
resistant weed biotypes, and they have been utilized for numerous
herbicides and weed species (Brunharo and Hanson, 2018; Strom
etal, 2019; Lu et al., 2020; Rodriguez et al., 2021; Ribeiro et al., 2023;
Randell-Singleton et al., 2024; Vijaya Bhaskar et al., 2025; Xu et al,,
2025). These assays are conducted by subjecting plants to a series of
increasing herbicide doses that capture the herbicide injury
spectrum, and then biomass data is plotted as a function of
increasing herbicide doses. Generally, this data will generate a
negative, sigmoidal curve and allow for growth reduction 50
(GRs5) estimations using a log-logistic model (Seefeldt et al., 1995;
Knezevic et al., 2007; Keshtkar et al., 2021). The GRs, is the dose
needed to cause a 50% reduction in plant biomass relative to an
untreated control (Seefeldt et al., 1995). These estimates are typically
compared by calculating the resistance index, which is the quotient of
the suspected-resistant population GRs( and the sensitive population
GRs (Burgos et al., 2013; Keshtkar et al., 2021). If the GRs, estimate
in the suspected-resistant population is greater than the sensitive
population, then these data indicate the population is herbicide-
resistant, and further investigation of the resistance mechanism is
conducted (Vijaya Bhaskar et al., 2025; Xu et al., 2025).

The primary challenges of these experiments are the time and
labor required to collect biomass, which is partly due to the inherent
large size of these experiments. In addition to an untreated control,
several herbicide doses are needed to capture the injury spectrum
and allow for accurate estimation of the GRs, (Burgos et al., 2013).
At a minimum, these experiments include two populations, a
sensitive and a suspected-resistant population, and each dose
would be applied to at least three biological replicates per
population. These experiments are repeated at least two to three
times to demonstrate repeatable results and to increase the total
number of biological replicates to approximately 10 (Burgos et al.,
2013). Thus, if there is a need to add more biological replicates,
doses, or populations to the experiment, the required labor rapidly
increases. Researchers commonly examine multiple resistant
populations (Ma et al., 2016; Obenland et al., 2019; Shrestha
et al,, 2019; Rangani et al.,, 2021; Priess et al., 2022; Yanniccari
et al,, 2023), and there is an increasing trend to utilize multiple
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sensitive populations (Strom et al., 2019; Priess et al., 2022; Shyam
et al,, 2022; Borgato et al., 2024). Given these labor requirements, it
is logical for researchers to investigate methods to mitigate these
challenges and increase their capacity.

Multispectral imaging has been an effective, high-throughput,
non-destructive alternative to traditional plant phenotyping of
herbicide injury, especially for field experiments (Huang et al,
2015; Da Silva et al., 2019; Xia et al., 2022). Recently, researchers
have demonstrated the potential utility of multispectral imaging for
use in leaf disk dose-response assays by using this methodology to
distinguish between putative resistant and sensitive plants subjected
to glufosinate and fomesafen (Jones et al, 2023a, Jones et al,
2023b). While these results are intriguing and indicate the
potential for rapid detection of glufosinate- or fomesafen-resistant
biotypes, the need for whole-plant phenotyping of herbicide injury
will remain, especially when characterizing novel herbicide
resistance mechanisms. A high-throughput, non-destructive
option that allows for the use of whole-plant dose-response assays
is the Phenospex TraitFinder (Phenospex, Netherlands), which is a
digital phenotyping workstation equipped with an adjustable bench
and two PlantEye F600 3D scanners. As the scanners move across
the bench, they each shine a laser light and utilize the laser line
triangulation principle to build a 3D model of the scanned plants
(Phenospex, 2024). When plants are scanned, data for 13
morphological parameters and 7 spectral parameters are collected.
These parameters are classified as either digital or technical
(Table 1): both classifications highly correlate with one or more
plant traits, but the degree of correlation varies across species for
technical parameters, while the degree of correlation for digital
parameters is more consistent across species (Phenospex, 2024). All
20 parameters have potential utility in dose-response assays.
However, digital biomass (DB) is of great interest as a
replacement for destructive biomass collection, but it is calculated
as the product of 3D Leaf Area (3DLA) and Plant Height (PH)
Mean (Table 1), resulting in DB being a measurement of plant
volume and an indirect indicator of biomass.

Currently, there are several examples of Phenospex technology
being utilized for phenotyping of morphological and spectral
parameters, but the primary focus has been on crops rather than
weed species. Some examples include soybean (Glycine max),
mungbean (Vigna radiata), common bean (Phaseolus vulgaris),
cowpea (Vigna unguiculata), lima bean (Phaseolus lunatus), okra
(Abelmoschus esculentus), wheat (Triticum aestivum), tomato
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TABLE 1 Information regarding Phenospex TraitFinder PlantEyes and parameters.

Color channel

Abbreviation

PlantEye color channel and corresponding wavelength

Peak wavelength (nm)

Red 624-634
Green G 530-540
Blue B 465-485
Near-infrared NIR 720-750

Morphological Phenospex TraitFinder parameter information

e _— Value
Parameter name Abbreviation Formula/Description Range Type*
3D leaf area (mm?) 3DLA The sum of all calculated triangle surfaces within plant structure. 0-oco0 Digital
Canopy light . . s o
. CLPD The depth at which laser light can penetrate the plant’s canopy. 0-oco0 Digital
penetration depth (mm)
Convex hull area (mm?) CHA The maximum space a plant could occupy at its current size. - Technical
C hull
onvex area CHAC The percentage of CHA occupied by the plant. - Technical
coverage (%)
hull
C'onvex u CHC The distance around the convex hull. - Technical
circumference (mm)
C hull idth
(;nmv)ex maxwi CHMW The distance of the longest straight line that can be drawn on the CHC. - Technical
. The ratio between CHMW and the perpendicular line that intersects CHMW line at its
Convex hull aspect ratio . . . U .
%) CHAR midpoint. It correlates with the growth stage of a plant and can potentially distinguish between - Technical
different morphologies.
PH Mean is measured from the base of the plant to the mean of the heights within the top 10%
Plant height average of the plant. The measurement prioritizes stability over accuracy by minimizing the effect of L
PH Mean . . X 0-oco0 Digital
(mm) small movements caused by wind, external factors, or diurnal plant rhythms. It correlates highly
with overall plant height.
Plant height max (mm) PH Max PH Max is Tneasur?d from the base of the plant to the absolute highest point of the plant. It 0 -0 Digital
correlates highly with overall plant height.
0-
Projezcted leaf area PLA PLA is calculated by mapping ?11 triangles onto an X-Y plane and is the total area of a plant as sector Digital
(mm®) seen from a overhead perspective. size
Digital biomass (mm?) DB The product of 3DLA and PH Mean. 0-oco0 Digital
Surface angle average (°) SA Mean The mean angle of the triangles relative to the height axis. It correlates with leaf angle. 0-90 | Technical
Voxel volume total Similar to how 2D images are made up of pixels, 3D images are made up of voxels. VVT is the .
3 VT o e - Technical
(mm”) total number of visible voxels multiplied by the voxel volume.
Spectral Phenospex TraitFinder parameter information®
e . Value
Parameter name Abbreviation Formula/Description Range Type
Norma.hzec.l difference NDVI Mean NDVI (NIR - R) 11 Digital
vegetation index mean (NIR + R)
Green leaf index mean GLI Mean GLI = @xG-R-B) -1-1 Digital
2xG+R+B)
Plant senescence (R-B)
PSRI M PSRI = ————= -1-1 Digital
reflectance index mean ean (NIR) g
Normalized pigment (R-B) -
NPCI M - -1-1 Digital
chlorophyll index mean CI Mean NPCI = (R+B) igita
Hue (°) mean H Mean H represents an angle on the color wheel. Red is 0° and 360°, green is 120°, and blue is 240°. 0-360 | Technical
Lightness (%) mean L Mean L indicates the brightness of color; 0 is dark and 100 is bright. 0-100 | Technical
Saturation (%) mean Sat Mean Sat represents the intensity of color; 0 is unsaturated and 100 is saturated. 0-100 | Technical

"The following information regarding the PlantEyes and parameters can be found in the HortControl user manual. (Phenospex, 2024)
*Digital parameters highly correlate with plant traits regardless of plant species. Technical parameters also correlate closely with plant traits, but the degree of correlation varies across plant

species.

The means for the following parameters are calculated across all the 3D points of the plant model.
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(Solanum lycopersicum), French marigolds (Tagetes patula), and
grass sod (Manavalan et al., 2021; Schafleitner et al., 2021;
Miroshnichenko et al., 2022; Bazhenov et al., 2023; Quijia Pillajo
et al,, 2023, Quijia Pillajo et al., 2024; Zieschank and Junker, 2023;
Galba et al., 2025; Mohammed et al., 2025; Quijia-Pillajo and Jones,
2025). While these examples demonstrate the utility of this
technology, researchers commonly only reported results for a few
parameters, and comparisons of the digital data to manually
collected data were rarely investigated. The 3DLA, DB and PH
parameters are the most commonly reported morphological
parameters (Manavalan et al., 2021; Schafleitner et al., 2021;
Miroshnichenko et al., 2022; Bazhenov et al., 2023; Quijia Pillajo
etal,, 2023, Quijia Pillajo et al., 2024; Mohammed et al., 2025; Quijia-
Pillajo and Jones, 2025), while normalized difference vegetation
index was the most commonly reported spectral parameter
(Schafleitner et al., 2021; Miroshnichenko et al., 2022; Bazhenov
et al., 2023; Quijia Pillajo et al., 2023, Quijia Pillajo et al., 2024). The
few existing examples comparing digital and manually collected data
involved correlating DB to dry biomass in durum wheat (Triticum
durum) and rye (Secale cereale) (Bazhenov et al., 2023), correlating
manually and digitally collected PH measurements in Petunia x
hybrida (Quijia Pillajo et al., 2023), and correlating both manually
and digitally collected biomass and PH in hemp (Cannabis sativa)
(Singh et al., 2024).

There are some examples of this technology being utilized for
phenotyping stress treatments, including flooding stress in okra
(Schafleitner et al., 2021) and heat stress in tomato (Mohammed
et al., 2025). However, when it comes to herbicide-treated plants,
the Phenospex TraitFinder has had very limited utilization and has
not been implemented for dose-response assays. To date, the only
example with herbicide-treated plants involved evaluating the
efficacy of different clopyralid formulations with and without a
new surfactant on cocklebur (Xanthium strumarium) by comparing
DB, PH, 3DLA, and spectral data over time (Mirgorodskaya et al.,
2023). Again, digital data was not compared to manually
collected data.

While it is reasonable for researchers in the previous
phenotyping experiments to assume their results and conclusions
would have been the same regardless of whether they utilized DB or
conventional biomass, it is worthwhile to investigate the accuracy of
DB for dose-response assays since inaccurate measurements could
artificially inflate or deflate GRs, estimates. We hypothesize that if
DB accurately reflects fresh biomass (FB), then DB data should
produce similar dose-response curves and GRs, estimates
compared to FB data. This hypothesis also extends to all data
collected by this system. Additionally, the system collects two PH
measurements, PH Max and PH Mean, and the PH Mean
parameter is especially relevant to compare to manual
measurements of PH (PH True) due to it being an essential
component for calculating DB (Table 1). Thus, we hypothesize
that inaccurate measurements of PH Mean will have a
commensurate effect on DB measurements.

Given that the Phenospex Traitfinder is advertised to measure
plants and plant organs down to a size of 0.5 mm (Phenospex,
2021), pre-emergence herbicides were chosen for the following
dose-response assays since the surviving plants treated with
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relatively high herbicide doses can commonly be a few
millimeters in size, making this scenario ideal for testing the
lower limits of detection. The objectives of this research are (i)
compare manual measurements of FB and PH to the equivalent
digitally collected parameters through Pearson correlation analysis
and the paired t-test, and (ii) compare dose-response curves and
GRs estimates between FB data and digital data to determine GRs,
estimation accuracy and utility in dose-response assays.

2 Materials and methods

2.1 Plant material, chemicals, herbicide
application, and growth conditions

Seeds of common lambsquarters (Chenopodium album L.) were
collected in September 2018 at the Palouse Conservation Field
Station (46°45’N 117°11’W) and stored at room temperature until
these experiments were initiated. Fomesafen (Reflex®, Syngenta,
Greensboro, NC) and atrazine (Aatrex 4L®, Syngenta, Greensboro,
NC) were selected because they are two pre-emergence herbicides
labelled for control of common lambsquarters (Anonymous, 2022,
Anonymous, 2024). Given that these herbicides were rarely
implemented at the collection site, this population is likely
sensitive to fomesafen and atrazine. Fomesafen inhibits
protoporphyrinogen oxidase, which is an enzyme required for
chlorophyll biosynthesis, and atrazine inhibits photosynthesis by
binding to the D1 subunit of photosystem II (Szekacs, 2021). Both
herbicides induce the production of reactive oxygen species and
injury symptoms of chlorosis and necrosis (Traxler et al., 2023).
However, the visual appearance of injury is distinct; fomesafen
rapidly causes injury wherever the plants come into contact with the
herbicide, and atrazine displays symptoms in the interveinal areas
and margins of the leaf tissue before progressing into necrosis of the
whole leaf (Anderson and Hartzler, 2020). To increase germination,
dry seeds were stored at 4 °C for seven days. Seeds were pre-
germinated on water-soaked filter paper in growth chamber
(Conviron Genl000, Controlled Environments, Winnipeg,
Canada) conditions for five days under a 28/22 °C day/night and
16/8-h photoperiod. The LED lights in the growth chamber

provided 100 pumol m ?s™!

photon flux. Only common
lambsquarters seeds with approximately 1-3 mm of radicle
growth were utilized for sowing. Seeds were planted at a depth of
5 mm in 281 ml pots containing moist soil, and one seed was
planted per pot. The soil consisted of 2:1:1 mixture of field soil, peat,
and sand (pH 6.0 and 2.5% organic matter). Field soil was a Shano
silt loam (coarse-silty, mixed, superactive, mesic Xeric
Haplocambids) collected at the Washington State University Lind
Dryland Research Station (47°00'N 118°34'W).

Herbicides were applied using a compressed-air research sprayer
(Generation III Research Sprayer, DeVries Manufacturing,
Hollandale, MN) fitted with a Tee]et® SS8001E nozzle set to 46 cm
above the soil surface and calibrated to deliver 140 L ha " at 207 kPa.
The seven doses for atrazine ranged from 0.28 to 280 g ai ha™, and the
seven doses for fomesafen ranged from 0.14 to 140 g ai ha™. All doses
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were spaced by a factor of 3.16. For context, the lowest reccommended
doses for control of common lambsquarters are 560 and 280 gai ha™,
respectively (Anonymous, 2022, Anonymous, 2024). Eighteen pots
were treated with each dose, and each pot represents one biological
replicate. Water was applied to 18 untreated control pots. All pots
were moved to a greenhouse with a 16/8-hour photoperiod, a daytime
deadband of 21/23°C, and the nighttime deadband of 13/15°C.
Natural light was supplemented with halogen lamps that provided
1700 pumol m™%s™" photon flux. Pots were arranged in a randomized
complete block design where each block contained one biological
replicate from each dose. The soil moisture was maintained with an
overhead misting system that delivered approximately 14 ml water
daily. Experiments for each herbicide were conducted twice, resulting
in each dose having 36 biological replicates.

2.2 Data collection

At 21 days after treatment (DAT), plants were scanned with the
Phenospex TraitFinder (Supplementary Figure S1). The 21 DAT
timepoint was chosen because it is a commonly utilized timepoint for
pre-emergence dose-response assays (Ma et al., 2016; Schwartz-
Lazaro et al., 2017; Strom et al,, 2019) and provided a wide range
of differentially sized plants for data collection (Supplementary
Figures S2, S3). Experimental configuration was completed within
HortControl, the operating system for data management, which
required inputs, such as pot height, cut-off height, and color filter
parameters (Supplementary Figure S2). HortControl also requires
block layout configuration, which designates the location of plants for
data collection. In general, the block layout is a grid where each cell of
the grid contains one plant from which data is collected. For current
experiments, the block layout was a 3x6 grid, where each cell had
dimensions of 115 x 103 mm (Supplementary Figure S2). To ensure
detection of small plants by the PlantEye F600 3D scanners, pots were
elevated by placing them upon two RL200 trays (24” L x 12” W x
6.75” H), which brought the pot height up to 395 mm and was noted
in the HortControl block layout configuration (Supplementary
Figures S1, S2). The training-based color filter was implemented
across all scans to ensure accurate discernment between plant
material and non-plant material, especially for plants that were
only a few millimeters in height (Supplementary Figure S3).

As mentioned previously, the two PlantEye scanners generate
3D models of plants through the laser line triangulation principle,
which builds a model of the plants based on the disruptions in the
laser line (Phenospex, 2024). During the scanning process, the two
scanners shine and simultaneously collect reflectance data for the
laser, Red, Green, Blue, and Near-Infrared light (Table 1). Each data
point in the resulting 3D model contains not only coordinate
information but also spectral data. These scanners move at a
speed of 75 mm s', and each scanner captures images at a frame
rate of 166.6 frames s~'. The x, y, and z resolutions are 0.304, 0.45,
and 0.065 mm, respectively (Phenospex, 2025b, Phenospex, 2025a).
Within HortControl raw data from the PlantEye scanners is
subjected to the data processing chain, which is called Phena 2.0.
The steps occur in the following order: Transform, Segment,
Triangulate, Split, Merge, and Calculate (Phenospex, 2024). In
summary, raw data is transformed to correct the coordinates
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from the scanner’s perspective to the user’s perspective, groups of
data points are segmented within the 3D point cloud using an
algorithm based on region growing techniques, sets of at least 3 data
points are merged to form triangles, the image is split along the x
and y axis to form equal sized rectangles, the images acquired from
each PlantEye are merged to remove repetitive information, and
data for the 20 plant parameters are calculated (Phenospex, 2024).
Details on plant parameter calculations are provided in Table 1.

After scanning was completed, plants were cut at the soil line,
and manual measurements of PH True and FB were recorded. PH
True was measured from the base of the stem to the highest point of
the vegetative tissue. FB was collected by cutting plants at the soil
line and immediately weighing the plants with a Secura semi-micro
balance (Sartorius, Goettingen, Germany).

2.3 Statistical analysis

All tests of significance were performed in R (version 4.4.1) using
RStudio (version 2024.12.1 + 563). Pearson correlation coefficients,
paired t-test, and ANOVA analysis were performed with the R Stats
Package (version 4.4.1) (R Core Team, 2024). Herbicide injury
resulted in an unequal number of surviving plants between
herbicide doses, and thus Least-Square (LS) means were calculated
for FB, PH True, and all digitally collected data parameters using the
emmeans package (version 1.11.0) (Lenth, 2025). Data were fitted in
a linear model including Treatment, Experimental Replication,
Block, and their interactions as fixed effects. The interaction of
Experimental Replication and Treatment was not significant (P >
0.05), indicating the Treatment effect was consistent across
experimental replications, and the data can be pooled.
Experimental Replication, Block, and their interactions were also
non-significant (P > 0.05). Due to the lack of significance, the full
model was compared to a reduced model including only Treatment
as a fixed effect using a Likelihood Ratio Test, which indicated no
significant difference in model fit (P > 0.05), and the reduced model
yielded a lower Bayesian Information Criterion. Thus, the reduced
model was utilized for LS mean calculation.

Y;= By + PBiTreatment + & where &~ N(0,07) (1)

For this model, the Q-Q residuals indicated normality, but plots
of residuals versus fitted values and scale-location indicated
heteroscedasticity. A weighted linear regression approach was
implemented to account for heteroscedasticity in the data, which
improves robustness of Y; estimates by assigning lower weights to
observations with higher residual variance and higher weights to
observations with lower residual variance (Hooper, 1993; Rosopa
et al., 2013). The residuals determined from Equation 1 were
squared to determine a variance estimate, v;, for each observation
(Equation 2).

vi= (Y=Y’ )

The weights for each observation, w;, were calculated as the
inverse of these estimated variances (Equation 3).

wp=— (3)
Vi
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FIGURE 1
Pearson correlation coefficients between the specified herbicide treatment, manual measurements, morphological (A, C), and spectral parameters
(B, D). Results for the atrazine experiment are indicated in (A, B) and results for the fomesafen experiment are indicated in (C, D). Treatment
represents increasing doses of the specified herbicide. An “X" in the background of the cell indicates P > 0.05. A lack of an “X" in the background of
the cell indicates P < 0.05.

The data were fit to a new model that incorporated the weights
(Equation 4).

2
o

Y; = By+ PiTreatment + & where & ~N(0,—)
W.

(4)

The dose-response curves, GRs, estimates, and t-test comparisons
of GR5 estimates were completed with the drc package (Version 3.0-
1) (Ritz and Streibig, 2005; Knezevic et al., 2007). The three-parameter
logistic regression model produced dose-response curves for
morphological data, where b is the slope of the curve, ¢ is the lower
asymptote set to 0, d is the upper asymptote, x is the herbicide dose (g
ai ha'), and y is the LS mean of the morphological parameter
expressed as a percentage of the untreated control. This model is
more appropriate than Equation 6 due to the data for the
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morphological parameters ranging from 0 to e (Table 1).

d
1+ exp{b[log (x) - log (GRs)]}

y (5)

The four-parameter logistic regression model produced dose-
response curves for spectral data, where b is the slope of the curve, ¢
is the lower asymptote, d is the upper asymptote, x is the herbicide
dose (g ai ha™), and y is the LS mean of the spectral parameter
expressed as a percentage of the untreated control. This model is
more appropriate than Equation 5 due to the data for the spectral
parameters ranging from -1 to 1 (Table 1).

d-c
Ty exp{b[log (x) — log (GRs)] }

)= (©)

6 frontiersin.org


https://doi.org/10.3389/fpls.2026.1779398
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org

Landau et al.

10.3389/fpls.2026.1779398

TABLE 2 Summary paired t-test for plant height (PH) data. All PH data was recorded in millimeters.

Parameter® Mean (SE)*
PH True (mm) 12.59 (+ 1.14)
PH Max (mm) 11.92 (+ 1.08)
PH Mean (mm) 11.53 (+ 1.04)

Paired t-test results

Comparison t-value ‘ Degrees of freedom | Mean difference estimate P-value
PH Max: PH True -2.49 287 -0.67 0.0135
PH Mean: PH True -3.69 287 -1.06 0.0003

Fomesafen

Parameter Mean (SE)

PH True (mm) 17.12 (+ 1.50)

PH Max (mm) 16.06 (+ 1.36)

PH Mean (mm) 15.34 (+ 1.29)

Paired t-test results
Comparison t-value Degrees of freedom | Mean difference estimate P-value

PH Max: PH True -2.97 287 -1.05 0.0032

PH Mean: PH True -4.50 287 -1.77 9.9540 x 10°°

"PH True, manual measurements of plants; PH Max, digital measurement of the absolute highest point of the plant; PH Mean, digital measurement of the mean of the heights within the top 10%

of the plant.
*SE, standard error of the mean.

3 Results
3.1 Correlation analysis and paired t-test

In both fomesafen and atrazine experiments, preliminary
correlation analysis revealed strong positive correlations (r = 0.97,
P < 0.05) occurred between digital parameters (DB, PH Max, and
PH Mean) and their respective manual measurements (FB and PH
True; Figures 1A, C). Except for Convex Hull Area Coverage,
Convex Hull Aspect Ratio, and Surface Area Mean,
morphological parameters displayed strong positive correlations
(r = 0.70, P < 0.05) with each other and the manual measurements
(Figures 1A, C). Furthermore, some near-perfect and perfect
positive correlations (r = 0.95 to r = 1.0, P < 0.05) were observed
between DB, FB, 3DLA, Convex Hull Area, Projected Leaf Area, and
Voxel Volume Total (CHA, PLA, and VVT, respectively;
Figures 1A, C). Treatment displayed weak (r = -0.18, P < 0.05) to
moderate (r = -0.53, P < 0.05) negative correlations for all manual
measurements and morphological parameters, except for Surface
Area Mean, which had zero to very weak (r = 0.14, P < 0.05)
correlations among both experiments (Figures 1A, C).

Correlations between the spectral parameters and treatment
were more variable between the atrazine and fomesafen
experiments (Figures 1B, D). For the atrazine experiment,
treatment had zero correlation with Lightness Mean and weak
(r =-0.36 to -0.16, P > 0.05) to moderate (r = -0.59 or r = 0.56, P
< 0.05) correlations with the remaining parameters (Figure 1B). In
contrast, Plant Senescence Reflectance Index Mean and Saturation
Mean had zero correlation with treatment, while the remaining
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parameters displayed weak (r = -0.35 to 0.18, P > 0.05) correlations
in the fomesafen experiment (Figure 1D). Given that FB
correlations with treatment ranged from r = -0.26 to -0.21 (P
< 0.05), parameters with near-zero correlations (=-0.1 or <0.1, P
> 0.05) with treatment were not utilized for generating dose-
response curves, since a near-zero correlation would suggest that
parameters are not responding to the herbicide treatment and the
data would not result in a sigmoidal dose-response curve that is
comparable to a curve generated from FB data.

The manually and digitally collected PH data were compared
using the paired t-test (Table 2). For both herbicides, the P-values
indicate PH Max and PH Mean are significantly different from PH
True (o0 = 0.05); however, the P-value associated with PH Max was
consistently higher than the P-value associated with PH Mean
(Table 2), indicating that it is a more accurate estimation of PH
True. The smallest mean differences identified were approximately
0.67 mm and 1.05 mm for the atrazine and fomesafen experiments,
respectively, indicating that the paired t-test had a high degree of
power to detect significant differences between means.

3.2 Dose-response curves and GRsg
estimates

Using FB as the standard to which all results are compared,
suitable digital parameters should generate visually similar dose-
response curves and GRs, estimates that are not significantly
different from estimates generated from FB data. The FB GRs,
estimates were approximately 31.36 and 9.56 g ai ha™ for atrazine
and fomesafen, respectively, which is consistent with the knowledge
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that the current common lambsquarters population is sensitive to
these herbicides. In both atrazine and fomesafen experiments, only
3DLA, CHA, DB, PLA, and VVT produced similar dose-response
curves and GRs, estimates relative to FB (Figures 2A, B, 3A, B);
Table 3), indicating that these 5 parameters are accurate estimates of
FB when utilizing atrazine and fomesafen on common
lambsquarters. The remaining morphological parameters produce
sigmoidal curves but yield GRs, estimates 2- to 10-fold higher than
FB data (Figures 2A, 3A; Table 3). Furthermore, the standard errors
(SEs) associated with these GRs, estimates are high relative to SEs
associated with FB (Table 3), which indicates the estimates are
unreliable and not suitable for GRs, estimation.

In contrast, the dose-response curves of the spectral data are
very dissimilar from the FB curve, and they generally indicate little
variation across the treatments except at the two highest doses
(Figures 2C, 3C). The resulting GRs, estimates are 7- to 24-fold
higher than FB with very high SEs, indicating unreliable GRs
estimation (Table 4).

4 Discussion

Correlations between DB and FB in current experiments were
strong (R?* = 0.94, r = 0.97, P < 0.05), which is reflective of previous
experiments in other species where correlations of DB to dry or

100

10.3389/fpls.2026.1779398

fresh biomass were also quite strong in T. durum and S. cereale
(R* = 0.85; r = 0.92) (Bazhenov et al., 2023) and hemp (r = 0.89)
(Singh et al., 2024). Furthermore, the generally strong correlations
observed among morphological parameters and manual
measurements (Figure 1) were expected and demonstrate how the
Phenospex TraitFinder was designed to be readily applied for non-
destructive phenotyping of common morphological traits
(Manavalan et al., 2021; Schafleitner et al., 2021; Miroshnichenko
et al., 2022; Bazhenov et al., 2023; Mirgorodskaya et al., 2023; Quijia
Pillajo et al., 2023, Quijia Pillajo et al., 2024; Zieschank and Junker,
2023; Galba et al., 2025; Mohammed et al., 2025; Quijia-Pillajo and
Jones, 2025). Due to the negative, sigmoidal relationship that is
typical of dose-response curves (Seefeldt et al., 1995; Knezevic et al.,
2007; Keshtkar et al., 2021), relatively weak, negative correlations
(r

(Figures 1A, C). By using these results as a guideline, there were

-0.26 to -0.21) between treatment and FB were expected

multiple parameters with similar correlations to treatment
(Figure 1) and thus could potentially produce sigmoidal curves
similar to FB data. While correlation analysis can identify the type
and strength of a linear relationship between two variables, it does
not indicate the accuracy of the data or if the data is suitable for
estimating a GRsp, and consequently, other means of evaluation
were needed. Since both manually and digitally collected PH
measurements were recorded in mm (Table 1), these results could
be compared with a paired t-test in addition to comparing the
results of the dose-response curves and GRs estimates. In contrast,

A B
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g Z140
[ c
8 140 8 t
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8120 H oA g
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c +CHC c + 3DLA
=) o S +CHA
E 80 158 5 80 I EBB
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100
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1

FIGURE 2

y= m and lines in (c) were fit with Equation 6:y = c +

10

100

Atrazine (g ai ha™")

Atrazine dose-response curves generated from morphological (A, B) and spectral (C) parameters. Curves similar to the fresh biomass (FB) data are
highlighted in (B). Doses for atrazine ranged from 0.28 to 280 g ai ha™* and were spaced by a factor of 3.16. Lines in (A, B) were fit with Equation 5:

d—c T Each circle represents the Least-Square (LS) mean

expressed as a percentage of the untreated control. Error bars depict the standard error of the mean.
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Fomesafen dose-response curves generated from morphological (A, B) and spectral (C) parameters. Curves similar to the fresh biomass (FB) data are
highlighted in (B). Doses for fomesafen ranged from 0.14 to 140 g ai ha™* and were spaced by a factor of 3.16. Lines in (A, B) were fit with Equation

5y= m and lines in (C) were fit with Equation 6: y = ¢ +

c
1+exp{b[log (x)-log (GRsg

d- m Each circle represents the Least-Square (LS) mean

expressed as a percentage of the untreated control. Error bars depict the standard error of the mean.

DB and FB are measured in mm? and milligrams, respectively, and
therefore, comparing the results of the dose-response curves and
GRsg estimates was more appropriate.

The few previous investigations involving the Phenospex
TraitFinder and comparisons of manual and digital PH
measurements have also reported high positive correlations of
r = 0.74 to 0.83 in Petunia x hybrida (Quijia Pillajo et al., 2023)
and r = 0.94 in hemp (Singh et al., 2024), but no other comparisons of
these data were performed. High correlations between manually and
digitally collected PH measurements were expected (Table 1) and
demonstrated in current experiments (r = 0.97, P < 0.05; Figure 1).
Further analysis with the paired t-test consistently indicated that the
measurements for PH Max and PH Mean were significantly different
from PH True (Table 2). However, the higher P-values associated
with PH Max indicate it was consistently the more accurate
measurement for overall plant height. This result is likely due to
PH Max being measured from the base of the plant to its highest
point rather than the average of the highest 10% of points as with PH
Mean (Table 1). The methods for the PH Max measurements are
more comparable to methods employed for PH True and other
experiments measuring overall plant height (Gao et al., 2015; Zhang
et al,, 2019; Quijia Pillajo et al., 2023; Boatwright et al., 2024).

Despite the consistent differences identified between PH True
and PH Mean by the paired t-test, these differences did not
influence DB data. In both experiments, dose-response curves and
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GRs estimates generated from DB data did not significantly differ
from FB results (Table 3; Figures 2A, B, 3A, B), indicating DB
accurately reflects FB data. There could be scenarios where accurate
measuring of PH data requires very high accuracy; however, for the
purposes of collecting DB for dose-response curve generation in
common lambsquarters, the accuracy of PH Mean data is sufficient,
and the differences detected by the paired t-test do not impact DB as
an indirect estimator for FB. It is also worth noting that the power
of paired t-test is determined by the level of correlation between
measurements (Zweifach, 2024), which was consistently high for
both experiments (r = 0.97, P < 0.05). The high correlations and
high sample size allow for the power of the current paired t-test to
be great enough to identify small differences in PH measurements as
significant (Table 2). While having high statistical power is
generally the goal when designing experiments, current results
demonstrate how having the power to detect small statistical
differences does not necessarily equate to biological significance
(Lovell, 2013; Alexander and Davis, 2022; Zweifach, 2024).

For dose-response curve generation, estimation of GRsy and
GRsy SEs indicated that only morphological parameters, such as
3DLA, CHA, DB, PLA, and VVT, produce similar results relative to
FB data in both experiments (Table 3; Figures 2A, B, 3A, B),
indicating any one or all of the five parameters could be utilized
to generate dose-response curves and estimate GRs, values for
fomesafen- and atrazine-treated common lambsquarters. In
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TABLE 3 Summary of variables in the three-parameter logistic regression and growth reduction (GRs) estimates for morphological parameters.1

Parameter?

Model

GRs estimate (SE)°

Parameter GRso:FB

P-value for parameter

1+ exp{1.73[log (x) —log (31.96)]}

gaihat GRs ratio (SE) GRso:FB GRsg ratio
3DLA = 104.16 29.57 (+ 8.76)* 0.94 (£ 0.40)* 0.8887*
r= 1+ exp{1.67[log (x) — log (29.57)]}" 57 ( 876) 94 (£ 040) !
CHA = 9420 28.36 (+ 8.58)* 0.90 (£ 0.39)* 0.8085*
r= 1 + expl.76[log (x) — log (28.36)] } 36 (+ 8.58) 90 (+ 0.39) :
CHAC = 104.04 215.37 (= 112.56 6.87 (£ 4.18 0.1655
V= T+ exp{6.81[log (x) — log (215.37)]} 37 (+ 112.56) 87 (+ 4.18) :
CHAR = 99.05 126.91 (+ 28.93 4.05 (£ 1.56 0.0558
L exp{2.79[log (x) —log (126.91)]} 91 (+ 28.93) 05 (+1.56) :
CHC = 100.34 74.18 (£ 43.61 2.37 (£ 1.57 0.3881
7= T+ exp{0.67[log (x) — log (74.18)]} 18 (+ 4361) 37 (+1.57) :
CHMW = 104.35 102.52 (+ 112.87 327 (£3.74 0.5465
YTy exp{0.44[log (x) — log (102.52)]} 52 (+ 112.87) 27 (+ 374) :
CLPD = %8.14 7717 (£ 22.46 2.46 (£ 1.05 0.1687
7= T+ exp{1.56[log (x) - log (77.17)]} A7 (+ 2246) 46 (+1.05) :
DB = 106.48 27.05 (+ 5.58)* 0.86 (+ 0.32)* 0.6713*
YTy exp{2.39[log (x) — log (27.05)]} e DO :
FB = 267 31.36 (£ 9.75 NA NA
LN exp{1.71[log (x) — log (31.36)]} 36 (£975)
PH M = 9744 81.65 (+ 31.44 2.60 (£ 0.19 0.0020
ax V= T+ exp{1.08[log (x) - log (81.65)]} 65 (+ 3144) 60 (+ 0.19) :
PH M = 97.65 82.49 (£ 32.24 2.63 (£0.19 0.0019
can Y= T+ exp{1.05[log (x) - log (82.49)]} 49 (+ 32.24) 63 (+0.19) :
PHT: = 97.60 63.88 (+ 24.57) 2.04 (+ 0.24) 0.0404
rue e exp{1.07[log (x) — log (63.88)]} 88 (+ 24. 04 (+0. :
PLA = 100.07 31.74 (£ 9.04)* 1.01 (+ 0.42)* 0.9770*
YTIT exp{1.84[log (x) —log (31.74)]} 74 (£9.04) 01 (£ 042) :
99.98
VVT y 31.96 (+ 9.37)* 1.02 (+ 0.42)* 0.9643*

T 1+ exp{0.77[log (x) — log (35.34)]}

Fomesafen
GR50 Estimate (SE) Parameter GRsq:FB P-value for Parameter
Parameter Model T . ;
g ai ha GR50 Ratio (SE) GRs50:FB GRso Ratio

3DLA = 10082 9.55 (+ 2.16)* 1.00 (+ 0.32)* 0.9977*

r= 1 + exp{2.54[log (x) —log (9.55)]} T R ’
CHA = 10488 10.65 (+ 2.21)* 111 (+ 0.34)% 0.7423*

r= 1 + exp{3.03[log (x) — log (10.65)] } e T ’
CHAC = 2000 87.09 (+ 24.42 9.11 (+ 3.30 0.0169

V= T+ exp{3.67[log (x) - log (87.09)]} 09 (+ 2442) A1+ 3.30) :
CHAR = %80 99.26 (+ 23.96 10.38 (+ 3.46 0.0086

Y 1+ exp{3.29[log (x) - log (99.26)]} 126 (+ 23.96) 38 (+ 346) :
CHC = 116.29 22.32 (+ 10.79 233 (+ 125 0.2895

Y= T+ expl0.67[log (x) - log (22.32)]} 32 (+10.79) 33 (+125) :
CHMW = 118.60 26.40 (+ 17.78 2.76 (+ 1.96 03732

YTTT exp{0.53[log (x) — log (26.40)] } 40 (£ 17.78) 76 (+ 1.96) :
CLPD = 11241 19.07 (+ 5.69 1.99 (+ 0.75 0.1903

YE Ty exp{1.17[log (x) — log (19.07)]} 07 (& 5.69) 99 (+ 0.75) :
DB = 106.90 7.93 (+ 1.83)* 0.83 (+ 0.26)* 0.5291*

r= 1 + exp{3.51[log (x) —log (7.93)]} R R ’
FB = 100.69 9.56 (+2.19 NA NA

Y= T+ exp{3.10[log (x) — log (9.56)]} 56 (+ 2.19)

116.35 -7

PH Max y 3534 (+ 14.85) 3.70 (+ 0.13) 4.9463 x 10
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TABLE 3 Continued

10.3389/fpls.2026.1779398

Fomesafen
GRso Estimate (SE) Parameter GRsq:FB P-value for Parameter
Parameter Model e . .
g gaihat GRs( Ratio (SE) GRso:FB GRso Ratio
PH M = 116.88 38.21 (+ 16.26) 4.00 (£ 0.12 5.6220 x 107
can YT Ty exp{0.76[log (x) —log (38.21)]} 21 ( 16. 00 (£0.12) : *
PHT = 113.54 18.05 (+ 4.57 1.89 (+ 0.18 0.0117
rue Ve Ty exp{1.52[log (x) —log (18.05)]} 05 (+ 4.57) 89 (+ 0.18) :
PLA = 10120 9.64 (+ 2.15)* 1.01 (+ 0.32)* 0.9785*
Ve Ty exp{2.55[log (x) —log (9.64)] } T T :
SA M = 209:50 55.59 (+ 1521.43) 5.81 (+ 0.42 0.8610
can M exp{—0.04[log (x) — log (55.59)]} 59 : 81 (+042) !
VVT = 102.77 9.75 (+ 2.14)* 1.02 (+ 0.31)* 0.9516*
r= 1 + exp{2.44[log (x) —log (9.75)]} U e .

"For each experiment, parameters that generated dose-response curves and GR50 estimates similar to FB data are highlighted with .
*3DLA, 3D leaf area; CHA, convex hull area; CHAC, convex hull area coverage; CHAR, convex hull aspect ratio; CHC, convex hull circumference; CHMW, convex hull max width; CLPD, canopy
light penetration depth; DB, digital biomass; FB, fresh biomass; PH Max, plant height max; PH Mean, plant height mean; PH True, plant height true; PLA, projected leaf area; SA Mean, surface
area mean; VVT, voxel volume total.
SSE, standard error of the mean.

TABLE 4 Summary of variables in the four-parameter logistic regression of growth reduction (GRs) estimates for spectral parameters.f

Atrazine
GR5, estimate (SE)° Parameter GRsq:FB P-value for parameter
Parameter* Model S (SE) 0 i .
g aiha GRs ratio (SE) GR50:FB GR; ratio
FB =537+ 9611 - 537 33.99 (+ 20.70 NA NA
y== 1 + exp{1.56[log (x) — log (33.99)] } 99 (+2070)
GLI = -278.49 + 10099 - ~278.49 537.93 (+ 17,061.94 17.15 (+ 2.00 0.6451
Y Y exp{1.39]log (x) - log (537.93)]} 93 (+17.061.99) 15 (+200) :
H M =94.90 + 1014.85 - 94.90 332.33 (+ 147.36) 10.60 (+ 0.08) 1.2501 x 107°
ean Y exp{=9.79]log (x) — log (332.33)]} 3 oD 20X
NDVI M = -1422+ 98.26 — 14.22 772.33 (+ 307.11 24.63 (+ 0.15 1.0680 x 10°°
can Y e T exp{0.96]log (x) — log (772.33)]} 33 (+307.11) 63 (+0.15) OSUX
NPCI M. = -2082.85 + 13121 - ~2082.85 361.22 (+ 1913.63 11.52 (£ 0.5 0.0854
fan | ¥= O T+ exp{10.10[log (x) — log (361.22)]} 22 (+ 1913.63) 52 (+05) :
133.34 - —1860.86
= 1860.86 .07 (& 123. 13 (£ 0. . e
PSRI Mean y T exp (101608 09 ~ Tog GB.07]]] 349.07 (+ 123.81) 11.13 (+ 0.02) 22051 x 10
Sat M = 86237 + 104.29 - ~862.37 388.69 (+ 856.12 12.39 (+ 0.20 0.0002
at Mean Y R T Y exp(8.74]log (x) — log (388.69)]} 69 ( 856.12) 39 (£ 020) :

Fomesafen

GRs Estimate (SE) Parameter GR5q:FB P-value for Parameter
Parameter Model Rt . ;
g ai ha GRso Ratio (SE) GRs0:FB GRsg Ratio
100.67 — 18.34
= 18.34 '
FB 4 Ty exp{3.11[log (x) — log (GRs)|} 9:35 (+ 8.05) NA NA
GLI = -155.12 + 98.79 — ~155.12 142.49 (+ 51.02 14.90 (+ 0.05 82201 x 1072
r= ' 1 + exp{10.34[log (x) — log (GRs)] } 49 (+51.02) 90 (+0.05) ’ x
1256.10 — 107.80
=107.80 42 (£ 99. .83 (£ 0. . 716
H Mean y T exp {1021 log 09 ~ g (GR} 170.42 (+ 99.29) 17.83 (+ 0.01) 22051 x 10
L M = 7428+ 1343.10 - 74.28 171.82 (+ 131.02) 17.97 (+ 0.06) 1.360 x 10!
can y= s 1 + exp{—8.46[log (x) — log (GRs,)] } T R 2O X
NDVI M =-89.54 + 395.81 = ~89.54 152.14 (+ 2257.90) 15.91 (+ 0.93) 0.3283
ean y= 1 + exp{2.22[log (x) —log (GRs)|} T ' T ’
NPCI M =-229.90 + 171.36 ~ ~229.90 75.23 (£ 9.99) 7.88 (+ 0.01) 92218 x 10°®
ean r= ’ 1+ exp{-22.163[log (x) - log (GRs)]} 23 (9. R ’ x

"fFor each experiment, parameters that generated results similar to FB are highlighted with

o

*EB, fresh biomass; GLI, green leaf index; H Mean, hue mean; L Mean, lightness mean; NDVI Mean, normalized difference vegetation index mean; NPCI Mean, normalized pigment chlorophyll
index mean; PSRI Mean, plant senescence reflectance index mean; Sat Mean, saturation mean.
SSE, standard error of the mean.
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contrast, none of the spectral parameters are suitable for dose-
response curve generation. Current results indicate that at 21 DAT,
biomass from surviving common lambsquarters seedlings will
decrease as herbicide dose increases, but the spectral data indicate
there is little change in plant stress levels relative to the untreated
plants except at the two highest doses of the herbicide (Figures 2C,
3C). While previous research with the Phenospex TraitFinder
demonstrates the ability to find differences in the spectral data
among different herbicide formulations (Mirgorodskaya et al.,
2023) as well as other treatment conditions (Bazhenov et al.,
2023; Zieschank and Junker, 2023; Quijia Pillajo et al., 2024;
Quijia-Pillajo and Jones, 2025), most of the herbicide doses
implemented in current experiments do not produce large
changes in the spectral data except at the highest doses
(Figures 2C, 3C). However, it should be noted that results for
spectral data would have yielded different insights if data were
collected at earlier timepoints, such as 3 to 14 DAT, when injury
symptoms would have been more apparent across all doses. One of
the benefits of the Phenospex TraitFinder is that data can be
collected throughout the experiment, and it is well established
that spectral data will vary throughout plant development
(Miroshnichenko et al., 2022; Quijia Pillajo et al., 2024; Quijia-
Pillajo and Jones, 2025) and stress injury progression (Schafleitner
et al,, 2021; Mirgorodskaya et al., 2023). Furthermore, previous
experiments have demonstrated the utility of multispectral data for
phenotyping herbicide injury over time (Huang et al., 2015; Da Silva
etal,, 2019), distinguishing between resistant and sensitive biotypes,
especially at earlier points during an experiment (Xia et al., 2022;
Jones et al., 2023b, Jones et al., 2023a). Thus, it is worthwhile to
further explore the utility of spectral data collected by the
Phenospex TraitFinder in experiments where data will be
collected throughout the duration of the experiment. For current
experiments, our focus was on the utility and accuracy of digital
data when the Phenospex TraitFinder is implemented in an
experiment that reflects commonly implemented dose-response
practices, where destructive biomass data collection occurs at the
conclusion of the experiment.

Whether the same trends for morphological and spectral
parameters will be observed for common lambsquarters dose-
response assays utilizing other herbicides with different modes of
action warrants further exploration. Furthermore, examining other
dicots and grass species will also be necessary in the future since
morphological features that greatly differ from common
lambsquarters would likely result in different trends in suitable
parameters. Based on available information about the consistency
of parameter correlations with plant biomass (Table 1), we
hypothesize that the digital parameters (3DLA, DB, and PLA) will
consistently generate accurate dose-response curves and GRs
estimates regardless of species or herbicide, but the technical
parameters (CHA and VVT) will likely vary by species and herbicide.

The Phenospex TraitFinder provides multiple metrics for
estimating the GRs, including 3DLA, CHA, DB, PLA, and VVT
(Table 3). Implementing some form of digital phenotyping allows
researchers to decrease turnaround time to complete phenotyping
experiments and share relevant findings. Furthermore, by not
sacrificing plants to collect biomass data, these plants can be utilized
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for other purposes, such as phenotyping for traits displayed at later
growth stages, extraction of protein or nucleic acids, and seed increase.
Increasing seed of resistant and sensitive biotypes is of interest since
the progeny can be utilized for making crosses that would be valuable
in other phenotyping experiments, like genome-wide association
studies or bulk segregant analysis, which can be performed with a
segregating F, population (Taylor et al., 2018; Majeed et al., 2022). The
phenotyping required for these experiments is a practical application
of a digital phenotyping system since phenotyping of numerous plants
is essential (Uffelmann et al., 2021; Majeed et al., 2022). These
experiments are becoming more desirable as researchers endeavor
to identify the multiple genes underpinning non-target site resistance
mechanisms in weed species (Liu et al., 2019; Patterson et al., 2019;
Murphy et al, 2021; Brunharo et al., 2025), such as enhanced
metabolism, reduced absorption, altered translocation, and rapid
necrosis (Gaines et al., 2020).
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