W) Check for updates

Received: 10 April 2024 Revised: 15 January 2025 Accepted: 17 January 2025

DOI: 10.1002/ppp3.10644

RESEARCH ARTICLE

People Planet | Pk_:

Characterizing season-long floral trajectories in cotton with
low-altitude remote sensing and deep learning

Jeevan Adhikari?® | Daniel Petti*® | Deepak Vitrakoti'® |
Wiriyanat Ployaram? | Changying Li® | Andrew H. Paterson’

Plant Genome Mapping Laboratory, The
University of Georgia, Athens, Georgia, USA

2CoverCress Inc, St Louis, Missouri, USA

3Department of Agricultural and Biological
Engineering, The University of Florida,
Gainesville, Florida, USA

Correspondence

Andrew H. Paterson, Plant Genome Mapping
Laboratory, The University of Georgia, Athens,
GA, USA, 30602.

Email: paterson@uga.edu

Changying Li, Department of Agricultural and
Biological Engineering, The University of
Florida, Gainesville, FL, USA, 32611.

Email: cli2@ufl.edu

Funding information

This work was supported by the National
Science Foundation Plant Genome Research
Program (DBI-0817707) and Growing
Convergence Research (Award No. 1934481);
USDA National Institute of Food and
Agriculture (Award No. 2023-67021-40646);
Cotton Incorporated; and Georgia Cotton
Commission.

Societal Impact Statement

Plant breeding is a critical tool for increasing the productivity, climate resilience, and
sustainability of agriculture, but current phenotyping methods are a bottleneck due
to the amount of human labor involved. Here, we demonstrate high-throughput phe-
notyping with an unmanned aerial vehicle (UAV) to analyze the season-long flowering
pattern in cotton, subsequently mapping relevant genetic factors underpinning the
trait. Season-long flowering is a complex trait, with implications for adaptation of
perennials to specific environments. We believe our approach can improve the speed
and efficacy of breeding for a variety of woody perennials.

Summary

e Many perennial plants make important contributions to agroeconomies and agroe-
cosystems but have complex architecture and/or long flowering duration that hin-
ders measurement and selection. Iteratively tracking productivity over a long
flowering/fruiting season may permit the identification of genetic factors confer-
ring different reproductive strategies that might be successful in different environ-
ments, ranging from rapid early maturation that avoids stresses, to late maturation
that utilizes the full seasonal duration to maximize productivity.

¢ In cotton, a perennial plant that is generally cultivated as an annual crop, we apply
aerial imagery and deep learning methods to novel and stable genetic stocks, iden-
tifying genetic factors influencing the duration and rate of fruiting.

e Our phenotyping method was able to identify 24 QTLs that affect flowering
behavior in cotton. A total of five of these corresponded to previously identified
QTLs from other studies.

e While these factors may have different relationships with crop productivity and
quality in different environments, their determination adds potentially important
information to breeding decisions. With transfer learning of the deep learning

models, this approach could be applied widely, potentially improving gains from
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intensification.

KEYWORDS

1 | INTRODUCTION

Understanding the genetic controls underlying the adaptability of
perennial plants to local environments has been a long-standing need
in plant biology. The initiation of floral transition (switch from vegeta-
tive to reproductive growth) and its duration determine the reproduc-
tive success of plants and adaptation to their local environment.
Genetic control of the floral transition and flowering patterns in
perennial woody plants is complex and has yet to be adequately
investigated due to difficulties in genetic modification and long vege-
tative growth periods (GPs) before floral initiation. While the molecu-
lar mechanisms controlling floral regulation has been extensively
investigated in model annual and herbaceous crops like Arabidopsis
and rice (Fankhauser & Chory, 1997; Leal Valentim et al., 2015; Wang
et al., 2014), the regulation of flowering in perennial woody plants has
just begun to be elucidated (Grover et al., 2015). A rather longer life
cycle of these plants and an extravagant waiting time for the first flo-
ral initiation accompanied by long and variable flowering duration not
only pose challenges in investigating these phenomena but also hinder
timely generation of populations suitable for such studies.

Cotton (Gossypium), a genus of woody perennials that are widely
cultivated as annuals, exemplifies the challenges associated with deci-
phering the genetic controls underlying the floral transition and flow-
ering patterns of perennials. Having evolved as a woody perennial,
cotton has arguably the most complex vegetative and reproductive
morphology of any annual crop grown. Its growth habit produces both
vegetative and reproductive organs simultaneously. The sympodial
flowering pattern of the cotton plant causes a very complex
production-distribution pattern of carbohydrate throughout the struc-
ture of the crop. In addition, this pattern of floral initiation, which var-
ies by species and accessions, creates complexity and ambiguity in
quantification of this very important plant characteristic.

Flowering habit in cotton differs greatly between the two pre-
dominant cultivated species, G. hirsutum L. (Upland Cotton) and Gossy-
pium barbadense L. (Pima or Egyptian cotton), allowing for
investigation of this important phenomenon in crosses made from
elite domesticated cultivars belonging to these two mostly grown spe-
cies. Considering the complex nature of flowering response in cotton
(Kohel et al., 1974; Lewis & Richmond, 1960; Waddle et al., 1961) and
limited knowledge of the flowering mechanism at the molecular level,
identification of genetic signatures governing these traits would pro-
vide insight into this vital biological phenomenon.

Flowering in perennials can be spread over months, and interspe-
cific experimental cotton populations likewise have nonsynchronous
flowering, making it a complex phenotype to measure. Different vari-
ants have been used to characterize flowering in cotton such as “day

selection in diverse perennial shrubs and trees essential to sustainable agricultural
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of first flower,” “days to 50% flowering,” “flower to bud time,” “nodes
of first fruiting branch” (Grover et al., 2015; Guo et al, 2008;
Kushanov et al., 2021; Li et al., 2013; Zhang, Jia, et al., 2021). Such
variations in defining, naming, and collecting data related to these
traits add to the complex nature of the trait itself. High-throughput
phenotyping (HTP) systems minimize ambiguity and irregularities in
extracting flowering-related data (Jiang & Li, 2020), making it feasible
to count the number of flowers from images of experimental plots
over the entire growing season with greater accuracy and higher spa-
tial and temporal resolution than visual scoring methods.

While ground-based HTP systems have been routinely used to col-
lect flowering-related data from cotton (Jiang & Li, 2020; Tan
et al., 2023), confluence of plants at later periods in the growing season
makes these systems less efficient. Unmanned aerial systems (UAS) are
advantageous over ground-based systems in that they can be used at
any stage of crop growth, and they also cover more ground in less time
than ground-based systems, thus reducing the effects of solar incidence
angles and other temporal factors affecting the quality of data collec-
tion (Herr, 2023). While unmanned aerial vehicle (UAV) systems have a
slight disadvantage of not capturing flowers embedded deep inside the
crop canopy thus curtailing the extraction of exact flower counts, the
data collected from this system is adequate to get the pattern/trend on
flowering behavior in cotton (Xu et al., 2018). With these data, we can
investigate how genotypes differ in terms of flowering imitation, dura-
tion, cessation, and peak flowering times.

The general problem of automatically counting plant organs in
images has been studied intensively for at least two decades, and a
variety of techniques have been developed. The earliest approaches
were generally simplistic and relied on color thresholding
(Adamsen, 2000). Though some modern work still employs this tech-
nique (Thorp, 2016; Wei et al., 2018), much recent attention has
been focused on Convolutional Neural Networks (CNNs) due to
their proven performance on other object-counting tasks
(Cohen, 2017; Li et al., 2021; Marsden et al., 2018). For instance, a
customized CNN model was proposed to directly regress the num-
ber of maize tassels in its input image (Lu et al., 2017). This approach
has been successfully adapted to wheat spikes as well
(Madec, 2019; Xiong, 2019). Other custom frameworks have been
developed in order to take advantage of simpler, less costly data
annotations (Akiva, 2020; Bellocchio, 2019; Giuffrida, 2019; Petti &
Li, 2022). In recent years, single-stage detectors, such as YOLO
(Redmon, 2016), have gained popularity due to accuracy and effi-
ciency. For instance, cotton seedling counting was addressed with a
YOLOvV4 model and a multi-object tracking approach from video
frames (Tan et al., 2022), resulting in faster and slightly more accu-
rate detections than two-stage object-detection models (Jiang et al.,
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2020). More recently, an improved YOLOVS8 detector has been pro-
posed (Terven et al., 2023), providing an additional performance
boost for most tasks.

There are relatively few studies that combine HTP with genome-
wide association studies (GWAS). Most of them use fairly simplistic
HTP methods, relying on a large number of hand-crafted features that
are easy to extract from raw sensor data (Li et al., 2020; Loladze
et al., 2024; Wu et al., 2021; Yang et al., 2014). Some studies gravitate
towards more traditional features such as plant height (Adak
et al., 2021; Spindel et al., 2018; Wang et al., 2019) or vegetation frac-
tion (Ogawa et al., 2020). These traits are easy to extract from UAV
data. Spindel et al. (2018) was even able to estimate Leaf Area Index
(LAI), total fresh biomass, and vegetative biomass using a commercial
UAV system and software package.

While both natural populations and designed crosses are amenable
to genetic analysis, near-isogenic line (NIL) populations offer an advan-
tage of eliminating most of the background noise due to chromosomal
segments segregating in early generation populations, thus increasing
the precision with which one can map genomic regions controlling
these traits. Here, we used high-throughput UAS to collect flower data
over the entire growing season for 820 reciprocal NILs, testing single
chromosomal segments that collectively cover 71.48% and 78.72% of
the G. hirsutum “Acala Maxxa” and G. barbadense “Pima S6” genomes,
respectively. By applying state-of-art deep learning algorithms to count
flowers, we extract and study season-long floral trajectories, identifying
genetic differences that might be employed in selective breeding. With
small changes in the counting algorithm to recognize different flowers/
fruits, this approach could be applied widely, potentially improving gains
from selection in diverse perennial shrubs and trees important to sus-

tainable agricultural intensification.

2 | MATERIALS AND METHODS

2.1 | Population development

Plant materials used in this study were developed from a set of recip-
rocal crosses between Gossypium hirsutum L. acc. Acala Maxxa
and G. barbadense L. acc. Pima S6 (Acala Maxxa (@) x Pima Sé
(8)—hereafter referred to as Acala Maxxa background; and Pima
S6 (@) x Acala Maxxa (3)—hereafter referred to as Pima Sé back-
ground), backcrossing them to respective recurrent parents for five
generations using a single-seed descent approach. The details of pop-
ulation advancement until BC5F1 and their genotyping at BC5F1 gen-
eration have been described in Adhikari et al.. After five generations
of backcrossing, 179 BCsF4 plants from the Acala Maxxa background
and 190 BCsFq plants from the Pima S6 were self-pollinated and a
total of 8364 BCsF, plants (2-32 individuals in each BCsF, family)
were grown at Iron Horse Farm, Watkinsville, Georgia, in 2019 under
cultural conditions consistent with commercial irrigated cotton pro-
duction. Individual BCsF, plants found to contain only one intro-
gressed segment from the donor parent were deemed NILs and were

selfed to increase seeds for phenotypic evaluation. We identified a
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total of 397 NILs in the Acala Maxxa background and a total of
423 NILs in the Pima Sé background. These NILs (BC5F3) were grown
at Iron Horse Farm, Watkinsville, Georgia, in 2021 under cultural con-

ditions consistent with commercial irrigated cotton production.

2.2 | Genotyping

BCsF, were genotyped using genotyping by sequencing (see Adhikari
et al., 2023 for details). The genomic compositions of BCsF, plants
were inferred based on targeted microsatellite (simple sequence
repeat [SSR]) genotyping of the introgressed chromosomal segments
identified in their respective BCsF, parents. At least two (and at most
four) SSR markers were used to verify most of the introgressed
regions while for small introgressions only one available SSR marker
was deployed. A total of 852 polymorphic SSR markers spanning the
introgressed regions were derived from several published genetic
maps of crosses between G. barbadense and G. hirsutum stored in the
CottonGen  SSR (https://www.cottongen.org/data/
download/marker). A total of 47 published SSRs were found to be

monomorphic in pilot studies and were discarded. Another 23 with

database

ambiguous bands were also discarded, and a total of 782 SSR markers
were used to genotype the BCsF, progenies. Among the 8364 BCsF»
individuals planted in 2019, a total of 5315 (with corresponding
BCsF, parents carrying two to five introgressions), plants were SSR
genotyped for the presence (or absence) and nature (homozygous
vs. heterozygous) of the respective introgression/s that their BCsF4
parent carried. Individual BCsF, plants that were verified by SSR
markers to carry only one introgression (homozygous or heterozy-

gous) from the donor parent were deemed as NILs.

2.3 | Field experimentation

These NILs were grown at Iron Horse Farm, Watkinsville, Georgia, in
2021 using a completely randomized design (CRD) with two replica-
tions of each NIL. Each genotype was planted in 1 m long plots, and
10 seeds were dropped in each plot using a two-row seed planter.
The field was uniform and was irrigated with an overhead sprinkler
system. Standard cultural practices recommended for the crop and
the region were performed at recommended growth stage of
the crop.

24 | Data collection

Data were collected twice a week from August 9, 2021, through
November 5, 2021. The decision to scan the field with the UAV sys-
tem during this time frame was based on historical patterns of floral
initiation in these two cultivars at the Watkinsville, GA, location from
the time of planting and from frequent field visits in the experimental
year. Some sessions were skipped due to inclement weather condi-

tions, resulting in a total of 23 sessions. Data collection was halted
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after the first overnight freeze, after which most of the plants showed
a significant drop in the number of flowers produced. Images of the
field were collected using a Matrice 100 drone (DJI, Shenzhen, China)
fitted with a custom mount and equipped with a Lumix G7 camera
(Panasonic Corporation of North America, Newark, N.J., USA) and a
17 mm lens. The drone was flown at a height of 15 m, resulting in
a GSD of 0.23 cm/px. In a few cases, technical issues with the Matrice
100 data required the substitution of equivalent data from a DJI
Phantom 4 Pro v2 drone. The images were geo-referenced using a
total of six ground control points distributed throughout the field,
with their exact positions measured using a Real-time-Kinematic
(RTK) GPS.

2.5 | Dataset composition

The dataset used for training the counting model is an expanded ver-
sion of the UGA2020V dataset from Tan et al. (2023). The original

ground imagery in that dataset was supplemented with a random sam-
pling of the aerial imagery described previously. The testing and vali-
dation splits consist of aerial images randomly selected from
supplementary data collected during the 2016 and 2018 growing sea-
sons using a similar method. This composition was intended to ensure
a validation process that could fairly gauge the model's ability to gen-
eralize, specifically by not including data from the same year in the
training and test/valid splits. As such, the test and validation splits
should, if anything, err on the side of underestimating the model's per-
formance on the 2021 data. Table 1 provides an overview of the data-
set composition.

All of the images used in the dataset are of relatively high reso-
lution, allowing individual flowers to be distinguished. There is sig-
nificant variation, however, in plant phenotypes, growth stages,
and lighting conditions (Figure 1). We also note that, due to uneven
germination rates across the experimental field, there is significant
variation in the number of cotton plants in each plot. (This is some-
what visible in Figure 2b.) Though the completely randomized and

Source Split Img. Size (px) No. of images Year TABLE 1 .Para.meters for the imagery
sources used in this dataset.

UGA2020V Train 1920 x 1080 1486 2020

M100 + Lumix G7 Train 1148 x 862 976 2021

M100 + Lumix G6 Validation 1152 x 864 160 2016

M100 + Lumix Gé6 Test 1152 x 864 320 2018

FIGURE 1

(e)

Example images from the cotton blossom dataset, showing various challenging conditions. These include poor lighting (a) and

extreme shadows (b), variation in growth stages, including the presence of open bolls (c), intense weed pressure (d), and variations in phenotypes,

encompassing Acala Maxxa-like (e) and Pima Sé-like (f) cultivars.
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FIGURE 2

Image data collection and processing workflow. Images of the field were captured using a UAV (a). The images were stitched into

an orthomosaic, and individual plots were extracted (b). The flower detection model was applied to the plot images (c), and these counts were
used to extract the traits used for genetic analysis (d). The shaded regions of (d) represent a 95% confidence interval.

replicated design of our study should mitigate these environmental
effects, we note that these density variations further increase the
difficulty of training a flower detection model that performs
reliably. Overall, the dataset presents a challenging object-
detection task.

2.6 | Image analysis and phenotype extraction

Orthomosaic images were generated from each flight using Agisoft
Metashape (Agisoft LLC, St. Petersburg, Russia). Plot boundaries
were specified manually using QGIS (QGIS Development
Team, 2009), and plot images were extracted for all orthomosaics
using these boundaries. For each session, 2150 individual plot
images were extracted, resulting in a total of 41,696 images for the

entire season. Flower counting was performed using a

YOLOvV8-medium detector (Terven et al., 2023) trained on a custom
dataset of flower images. This detector seemed to provide a good
balance between accuracy and speed (it had to be applied to tens
of thousands of high-resolution plot images during the analysis
process).

Ghosal et al. (2019) proposed a pseudo-active-learning approach
to training detector models, which was adopted here to expand the
dataset. The model was first bootstrapped on the “UGA2020V” data-
set from Tan et al. (2023), which consists of images of flowering cot-
ton plants collected using a tractor-mounted camera. Afterwards,
10 of the original, uncropped images from the aforementioned drone
data were selected at random. The model was applied to these images
in order to produce initial flower detections, which were then cor-
rected by humans using the CVAT tool (Sekachev et al., 2019). Finally,
the model was retrained with the new annotations, and the process

was repeated with 10 new random images, until the model
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performance saturated. In this way, a large, annotated dataset was
constructed with minimal human effort.

Following this analysis process, automated flower counts were
extracted for every plot image. From these count data, five flowering

traits were extracted as follows:

1. Flowering start time: Defined as the start of flowering and esti-
mated by the time at which 5% of the total cumulative flowers
have been counted, measured in days after planting (DAP).

2. Flowering end-time: Defined as the cessation of flowering and
estimated by the time at which 95% of the total cumulative
flowers have been counted, measured in DAP.

3. Flowering peak time: Defined as the floral flush time when each
genotype produced the highest number of flowers and estimated
by the session with most flower counts, measured in DAP.

4. Flowering duration: Defined as the difference between the flow-
ering end-time and the flowering start time, measured in days.

5. Inflection period slope: Defined as the rate of change of flowers
produced each day during the inflection period, measured in
flowers/day. The inflection period was defined as the period
between the flowering start and peak times. The slope was esti-

mated using simple linear regression.

The entire analysis process was automated using Kedro (Balan
et al., 2020) and required around an hour to produce flower count
estimates for every plot when running on an NVIDIA A100 GPU.
Figure 2 provides an overview of the analysis process. The pipeline
takes as input the plot images extracted from QGIS, and first extracts
flower counts from each plot image. It then computes the values of
the flowering traits and outputs a genotype-level analysis of flowering
habit.

2.7 | Phenotypic evaluation

Pearson's correlation analysis was performed in R to look at the pair-
wise covariance of the traits. Phenotypic analysis of the reciprocal
populations was conducted in R software, by single marker analyses
using the “scanone()” function in the R/qgtl package (Broman & Sen,
2009). The significance threshold was set to LOD of three, to mitigate
the multiple-comparison problem. Phenotypic variance explained by
each locus was reported by taking the most significant marker as inde-
pendent variable and phenotypic value as dependent variable. Addi-
tive effects were estimated by half the difference of phenotypic
values between the lines carrying the homozygous introgression and
lines not carrying the introgression. Dominance effects were esti-
mated by the difference of phenotypic values between the lines carry-
ing the heterozygous introgression and the remaining lines that do
not carry the introgression. If multiple or overlapping introgressions
were present at both homozygous and heterozygous state, the esti-
mation of additive effects utilized the lines carrying the introgression
at homozygous state only, and the estimation of dominance utilized

the lines carrying the introgression at heterozygous state only.

Gene actions for the QTLs were determined by calculating the
degree of dominance (absolute values) for each QTL. The degree of
dominance is the ratio of dominance effect to additive effect (d/a)
of the QTL and based on this ratio; gene action of the QTLs can be
categorized as (i) additive (0<d/a<0.2) (i) partially dominant
(0.2 < d/a < 0.8) (iii) dominant (0.8 < d/a < 1.2), and (iv) overdominant
(d/a > 1.2). QTLs with dominant and overdominant effects are consid-
ered to have heterotic effects. For each QTL identified in the study,
the genomic region spanning 50 kb on each side of the most signifi-
cantly associated marker was used for in silico analysis. The DNA
sequence from this tightly linked region was used to look for
G. hirsutum genes in the CottonGen database, and these genes were
then analyzed for biological functions, with particular focus on flower-
ing related functions and expression on floral organs.

We also looked at previous literature to see if the QTLs identified
in our study mapped to genomic locations identified by previous simi-
lar studies. However, due to vast differences in approaches to defin-
ing, capturing, and analyzing the phenotypes, the comparison would
be that of apples to oranges. Instead, we utilized a unique method of
identifying if QTLs in our study were in nonrandom correspondence
with those reported in previous studies. For this, we used a method of
aligning genetic maps and QTLs that uses the hypergeometric proba-
bility function (Feltus et al., 2006). QTLs were assumed to be ortholo-
gous (co-occurring) if they explained a significant proportion of
variation for a directly comparable trait measured and the 1-LOD con-
fidence intervals overlapped. The hypergeometric probability function
equation is as follows:

(m) (60)

p:

where, p is the probability of nonrandom correspondence of QTLs
being compared for a given trait; n is the number of intervals, which
can be compared (each interval is usually defined as approximating a
QTL likelihood interval, i.e., 30 cM) along the entire genome; m is the
number of matches declared between QTLs; | is the total number of
QTLs identified in the larger sample; and s is the number of QTLs

identified in the smaller sample.

3 | RESULTS AND DISCUSSION

3.1 | Genomic structure of reciprocal NILs

The NIL population in the Acala Maxxa background consisted of
397 individuals with only one chromosomal segment introgressed
from the donor parent (Gossypium barbadense “Pima S6”), while that
in the Pima Sé background consisted of 423 individuals (Adhikari
et al,, 2023). In total, these lines covered 78.72% and 71.48% of the
donor genome, respectively, in the Acala Maxxa and Pima Sé back-
grounds (Table 2, Figure 3, Figure 4). Single introgressed segments
were identified for all chromosomes except chromosome 24 in the

Acala Maxxa background and for all chromosomes except
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TABLE 2 Donor genome covered by
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reciprocal near-isogenic line (NIL) Acala Maxxa background Pima Sé6 background
populations. Chromosome No. of NILs Coverage (%) No. of NILs Coverage (%)
Chr01 51 97.14 24 91.09
Chr 02 27 95.53 19 94.08
Chr 03 9 88.58 22 87.66
Chr 04 17 85.93 16 92.44
Chr 05 30 92.67 36 82.66
Chr 06 2 1.33 34 94.59
Chr 07 20 90.01 25 87.79
Chr 08 15 93.61 41 82.72
Chr 09 26 91.76 16 89.52
Chr 10 15 85.33 18 51.15
Chr 11 14 82.49 29 63.76
Chr 12 26 85.74 7 74.46
Chr 13 17 85.68 45 90.34
Chr 14 2 92.19 11 73.13
Chr 15 14 86.35 15 74.88
Chr 16 13 89.38 10 57.51
Chr 17 11 87.79 1 70.20
Chr 18 6 83.70 15 80.20
Chr 19 84.08 5 86.26
Chr 20 10 91.75 1 16.71
Chr 21 31 64.55 5 72.92
Chr 22 7 76.74 6 42.33
Chr 23 12 83.20 5 64.41
Chr 24 0 0.00 10 66.88
Chr 25 10 39.18 0 0.00
Chr 26 9 91.85 7 71.01
Total 397 78.71 423 71.49

chromosome 25 in the Pima Sé background. Individual lines contained
an average of 0.904% of the donor genome, ranging from 0.07%
(1.37 Mb) to 2.92% (56.65 MDb) in the Acala Maxxa background while
in the Pima Sé background, individual lines contained an average of
0.97% of the donor genome, ranging from 0.15% to 3.07%.

3.2 | Performance of the flower counting model

Overall, the flower counting model achieves a mean Average Precision
(MAP)@0.5 of 0.87 on the validation dataset (Table 3). The
mAP@0.5:0.95 is 0.54. The model was trained for 160 epochs, after
which we stopped because the testing loss was no longer decreasing
(Figure 5). The model performed under heavy occlusion and under
variable lighting conditions, only detecting flowers on the single day
that they are unpollinated (after which the petals turn pink,
Figure 6d). Although seldom as accurate as ground-based approaches
(Jiang et al., 2020; Tan et al., 2023), the obvious advantage of flower
counting via aerial imagery is throughput. Jiang et al. (2020), though

collecting data at a similar cadence using proximal sensing, only man-
aged to image 116 individual plants.

Additionally, we found that it is clearly possible to perform useful
trajectory analysis even with partial counts only. Implicit here is the
assumption that systematic errors in our counting method, such as
those caused by missing flowers in the earlier part of the season that
are excluded by the canopy remain constant across genotypes. In this
study, we found no specific reason to challenge this assumption, but it
remains a consideration for any future work. Generally speaking, the
flowering metrics that we derived were suitable for elucidating
genotype-level variation in flowering pattern. Even so, it should be
noted that the nature of some metrics, such as flowering slope, is
dependent on the number of plants in each plot; therefore, care must
be taken when comparing flowering metrics across different
experiments.

The “pseudo-active learning” procedure described by Ghosal
et al. (2019) was effective as a method for expanding the dataset size
and improving the performance of the counting model (Table 3). Sur-

prisingly, even the baseline model trained only on ground imagery was
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FIGURE 3 Graphical representation of the genomic composition of near-isogenic lines (NILs) in the Acala Maxxa background. Individual NILs
are shown in the x-axis and the 26 chromosomes (sequentially from bottom to top) are represented in the y-axis. Blue blocks show homozygous
alleles for the recurrent parent—Acala Maxxa. Red blocks show single introgressions of Pima Sé6 in homozygous state, while gray blocks show
single introgressions of Pima Sé in heterozygous state. See Dataset S1 for details.
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FIGURE 4 Graphical representation of the genomic composition of near-isogenic near-line (NILs) in the Pima S6 background. Individual NILs
are shown in the x-axis, and the 26 chromosomes (sequentially from bottom to top) are represented in the y-axis. Red blocks show homozygous
alleles for the recurrent parent—Pima Sé. Blue blocks show single introgressions of Acala Maxxa in homozygous state, while gray blocks show
single introgressions of Acala Maxxa in heterozygous state. See Dataset S2 for details.

TABLE 3 Performance comparison for models trained on successively larger datasets. The first row is the baseline model, trained only on
UGA2020V imagery. The subsequent rows show the effects on mean average precision (mAP) of adding progressively more aerial images,
annotated using the pseudo-active learning procedure described in section.

Dataset No. of images mAP@0.5 mAP@.5:.95
UGA2020V 1486 0.79 0.46
UGA2020V + aerial (1st round) 1646 0.78 0.45
UGA2020V + aerial (2nd round) 1902 0.86 0.53
UGA2020V + aerial (3rd round) 2142 0.86 0.54

UGA2020V + aerial (4th round) 2462 0.87 0.54

2SUDIT suowwo)) 2AneaI) 2[qedidde ayy £q pauraAos are sadNIR YO fasn Jo so[ni 10j AIeIqI AuljuQ £3[IA\ UO (SUONIPUOI-PUB-SULIA) WO KA[Im" AIRIqI[aul[uoy//:sdny) suonipuo)) pue suLd [, a1 23§ ‘[9707/+0/91] uo Areiqr autuQ LIm ‘++901 ¢ddd/z001°01/10p/woo Kopim Aresqriaurjuoryduy/:sdny woiy papeojumod ‘9 ‘Sz0¢ ‘11977LST



ADHIKARI ET AL

FIGURE 5 Model performance and

training curves. The precision-recall curve

(a) and loss curves (b) during a single 1.0
training run of the model used for flower
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FIGURE 6 Qualitative examples of the bloom detection results. The model performs well even under heavy occlusion (a and b). It can handle
Pima-like phenotypes (c) and only detects unpollinated flowers (d). It also performs reasonably even when the image quality is degraded due to
poor lighting (e) or orthomosaicing artifacts (f). The presence of weeds does not degrade performance (g). Occasionally, the model confuses open
bolls with flowers (h); however, this generally happens under conditions when it is difficult for even a human to distinguish them. Subfigure

(i) shows a flowering curve for a single plot (5453) generated by the proposed analysis process. The corresponding plot images with annotated

detections are shown at key points in the season.

found to be quite effective. This likely speaks to the high quality of
the aerial imagery. Even so, the mAP@0.5 improved by nearly 12%
from the addition of 976 annotated aerial images. It can be seen, how-
ever, that the effect rapidly saturates with additional data.

The deep learning model produces high-quality detections for
aerial imagery (Figure 6). In general, we find that the model works
about as well on all phenotypes and is able to distinguish unpolli-
nated flowers from bolls and pollinated flowers. The most common
failure case arises in late-season data, due to the presence of open
bolls. The model will occasionally mistake such bolls for white
flowers. This issue is exacerbated by poor lighting conditions that
cause both bolls and flowers to be overexposed, eliminating many
of their distinguishing features. It is worth pointing out that, under

these conditions, even humans will struggle to differentiate between
the two.

Overall, we are satisfied with the performance of the model, but
additional steps could be taken to improve it even further. Most obvi-
ously, the training dataset could be expanded, including with data
from additional growing seasons in order to enhance the model's gen-
eralization ability. Furthermore, comparing automatic counts with
“ground truth” counts obtained by manually counting flowers in the
field would enhance our confidence in the model. Unfortunately,
those data are not available for this study, but we plan to collect them
in follow-up work.

The remote sensing protocol, including the specific drone hard-

ware and flight altitude, as well as environmental conditions such as
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weather can have a significant impact on the flower analysis process.

People |

In order to mitigate this, we chose a strategy of employing a large and
diverse training dataset for our counting model, validating on data
from previous years in order to ensure generalizability. Even so, since
this study focused on a single experimental field during a single sea-
son, we cannot guarantee that our approach is entirely free from bias.
We plan to further validate our analysis pipeline by testing it on data
from future seasons.

Figure 6i documents the flowering of a single plot over the entire
season. The flowering curve exhibits a characteristic sigmoidal shape,
with flowering starting at around 63 DAP and reaching its peak at
77 DAP. The flowering process diminishes around 112 DAP. Beyond
this point, the plants have few flowers but many bolls.

3.3 | Correlation among flowering traits

The five flowering traits analyzed in this study show medium to no
correlation with each other except for flowering duration, which
has high correlations with flowering start time and end-time
(Table 4). Although all five flowering-related traits were extracted
from the same flower count data, the observation that these
extracted traits are not highly correlated with each other not only
suggests that our method does a decent job in defining the overall
flowering pattern in cotton but also solidifies the results of our
genetic analysis that co-localization of QTLs for different
flowering-related traits is not merely due to high correlation

among them.

TABLE 4 Correlation between flowering-related traits in
reciprocal near-isogenic line (NIL) populations. The upper part of the
matrix shows the correlation coefficients and the lower part shows
the corresponding p-values.

Pima Sé population

Peak 0.18 0.28 0.06 -0.01
0.0000 Start —0.02 -0.75 -0.18
0.0000 0.5286 End 0.68 0.08
0.1247 0.0000 0.0000 Duration 0.19
0.7371 0.0000 0.0238 0.0000 Slope

Acala Maxxa population

Peak 0.25 0.12 -0.07 -0.18
0.0000 Start —-0.05 —0.68 0.01
0.0012 0.1742 End 0.77 —-0.02
0.0787 0.0000 0.0000 Duration —0.02
0.0000 0.8606 0.6630 0.6654 Slope
Full data

Peak 0.30 0.18 -0.09 —-0.02
0.0000 Start —0.03 —-0.73 —0.04
0.0000 0.2597 End 0.70 0.04
0.0009 0.0000 0.0000 Duration 0.06
0.4566 0.1362 0.1265 0.0355 Slope

3.4 | Phenotypic performance of reciprocal NiLs
and parents

The cumulative flower counts over the 23 sessions of data collection
for all the NILs are presented in Figure 7a. Individual lines and popula-
tion mean for both backgrounds follow the expected sigmoidal pat-
tern for cumulative flower counts. Curves for overall population mean
as well as for individual lines within the respective population show
that individual Acala Maxxa NILs produce flowers earlier than Pima S6
NILs, consistent with the flowering habit of the parents. While Acala
Maxxa is relatively late flowering among Upland cottons and is con-
sidered a “full season” cultivar, G. barbadense-derived cottons such as
Pima Sé are even later, despite being substantially lower yielding. An
interesting observation seen in the study environment was that the
NILs in the Pima S6 background produced more flowers over
the growing period (Figure 7a), but the smaller size of the bolls in
these lines ended up giving expected (lower than Acala Maxxa NILs)
yields at harvest (data not shown). Additionally, many Pima Sé6 NiLs
were still flowering at the time of the first frost, potentially contribut-
ing to the higher number of flower counts in these lines.

One peculiar attribute of our individual NILs is the proportion of
donor genome they carry. Since each NIL had only very small contri-
butions (~0.9%) from the donor parent, the overall average of the
respective populations reflected the phenotype of the recurrent par-
ents at far higher replication than would otherwise have been practi-
cal, providing new information that informed our study. Thus, we
utilized this unique, yet extremely significant, property of our popula-
tions to derive the phenotypes of the recurrent parents as the average
phenotypic values of each background (averaged over 400 lines).

To further investigate the flowering response in these popula-
tions, we utilized the flower counts taken over the growing season
and extracted phenotypes that quantified components of their flower-
ing habits. These phenotypes include flowering start time, peak flow-
ering time, flowering end-time, duration of flowering, and change in
flowers per day (slope) during the inflection period defined as the
duration from initiation of flowering to the peak flowering time of
the lines and indicated by the exponential growth phase of the sig-
moid curve. Figure 7b shows the distribution of flowering start time in
the two reciprocal populations. In accord with the pattern seen in
Figure 7a, Acala Maxxa NILs show significantly earlier flowering than
Pima Sé NILs (Figure 8).

Figure 7c shows the distribution of flowering end-time in the two
reciprocal populations. Flowering end-times were significantly differ-
ent between the two populations (Figure 8), although the end-times
show much less variation. Two factors might have played a role in this
behavior. First, freezing temperatures on the second and third weeks
of November might have stopped flowering. Second, owing to the
reduced flowers produced by the plants following the first freeze, we
stopped scanning the field after November 5, 2021. Nonetheless, the
data we collected so far provided valuable information in observing
the spread of flowering end-times in these populations in the 2-
3 weeks span before we stopped collecting data. Figure 7d shows the

distribution of peak flowering time in the reciprocal populations. As
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FIGURE 7 Distribution of flowering-related traits in the reciprocal set of near-isogenic lines (NILs). The traits include cumulative flower

counts (a), flowering start time (b), flowering end-time (c), peak flowering time (d), flowering duration (e), and change in numbers of flowers during

inflection period (f).

would be expected from the flowering trend graph and the flowering
habit of the parents, Acala Maxxa NILs had significantly earlier peak
flowering than Pima S6 NILs (Figure 8).

The average flowering duration of Acala Maxxa NILs was signifi-
cantly shorter than that of Pima Sé NILs (Figure 7e), and the rate of
increase in flowers per day was higher in Pima Sé NILs (Figure 7f).
The population averages for both these traits were significantly differ-
ent between the two reciprocal populations (Figure 8). The results
presented in Figure 7b-f sum up the flowering pattern shown in
Figure 7a. With shorter flowering duration and fewer flowers pro-
duced per day, the total flower counts in Acala Maxxa population lag

Pima Sé population. On the other hand, longer growing season and a

greater number of flowers produced per day boosts the total number
of flowers in Pima Sé population albeit that they start flowering late

in the season.

3.5 | Genetic control of floral trajectories

Marker-trait associations were carried out for all five traits related to
flowering habit in the reciprocal set of NILs, and QTLs were identified
following the procedure described in Section 2. A total of 24 QTLs
were identified. QTLs for all five traits were identified in both back-

grounds. The largest number of QTLs were identified for slope of
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FIGURE 8 Population averages for flowering time related traits in the reciprocal set of NILs.(*, **, and *** significantly different at « = 0.05,

0.01, and 0.001, respectively).

flowering progression in the Acala Maxxa background, while the smal-
lest (one) were identified for peak flowering time in each of the two
backgrounds. The phenotypic variance explained by these QTLs ran-
ged from 2.21% to 15.94% (Table 4). Among the 24 QTLs identified
for flowering-related traits in the reciprocal set of NILs, 19 were
located in the At subgenome and five in the Dt subgenome.

Four genomic regions (QTLs) that influenced the season-long dif-
ference in growth trajectories of the two focal taxa (Table 5) exem-
plify factors that might be identified and manipulated in other
perennials using iterative phenotyping made possible by aerial imag-
ery and deep learning. In Pima Sé6 background, introgression of an
Acala Maxxa chromosomal segment at a chromosome 3 region cen-
tered on the DNA marker S3_20315421 was associated with an
advance of both the start and the end of the flowering period (consis-
tent with the Acala Maxxa source of the introgressed segment) and a
higher slope of the progression of flowering (resembling Pima Sé6
rather than Acala Maxxa), explaining 7%-16% of phenotypic variation
in these traits. These traits showed simple additive genetics. In Acala

Maxxa background, introgression of a Pima S6 chromosomal segment

at a chromosome 2 region centered on the DNA marker
S2_47565651 was associated with additive effects delaying flowering
start time and decreasing the slope of its progression, explaining 4%-
12% of phenotypic variation in these traits. Heterozygotes for the
introgressed segment showed partial dominance (absolute dominance
to additive effect ratio of 0.2 to 0.8) opposite of the additive effects
for slope of flowering progression, outperforming the higher perform-
ing parent (Pima Sé) for the number of flowers produced. Increased
production of flowers and the slope of the progression of flowering in
a high yielding background indicated that cotton hybrids for this geno-
mic region could be earlier and higher yielding than the superior par-
ent (Acala Maxxa)—perhaps contributing to the striking productivity
motivating widespread cultivation of G. hirsutum x Gossypium barba-
dense F4 hybrids in regions where low labor costs make hybrid seed
production economical.

Another genomic region introgressed from Pima Sé into Acala
Maxxa background on chromosome 8 (carrying DNA markers
S8_15772489 and S8_2575405) was associated with additive effects
of advancing the start of flowering and increased slope of floral
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TABLE 5 Quantitative trait loci (QTLs) defining floral trajectory in a reciprocal set of near-isogenic lines. + indicates the additive effect of the
QTL, # indicates the dominance effect of the QTL, and * indicates the gene action of the QTL defined as the ratio of dominance to additive effect.
The logarithm of the odds (LOD) score and percent phenotypic variance explained (PVE) are provided for each QTL.

Trait QTL name Chr Marker
Pima Sé6 background
Start time qSDGb.03.01 3 $3.20315421
End-time gEDGb.03.01 3 $3_20315421
qEDGb.06.01 6 $6_90472087
qEDGb.19.01 19 S19_64167229
Peak time qPDGb.07.01 7 S$7_11615229
Duration qDUGb.11.01 11 $11_27368710
gDUGb.13.01 13 $13_30461025
Slope qSLGb.03.01 3 $3_34861752
gSIGb.05.01 5 S$5_23021069
Acala Maxxa background
Start time qSDGh.08.01 8 S8_25754059
qSDGh.02.01 2 S$2_49415165
qSDGh.18.01 18 $18_34178947
End-time gEDGh.02.01 2 $2_6037287
qEDGh.22.01 22 $22_30860588
Peak time qPDGh.03.01 3 S3_34521566
Duration qDUGh.02.01 2 $2_8696312
gDUGh.13.01 13 $13_22314033
Slope qSLGh.01.01 1 S1_7462004
gSLGh.02.01 2 S2_47565651
qSLGh.08.01 8 S8_15772489
gqSLGh.12.01 12 S12_8533077
qSLGh.13.01 13 S13_77978744
qSLGh.20.01 20 $20_10467201
gqSLGh.22.01 22 S22 37477542

progression, explaining 2%-4% of the phenotypic variance. The het-
erozygotes carrying this introgression, however, delayed the flowering
start time significantly, suggesting the use of fixed lines for this QTL
to obtain early initiation of flowering and escape early frost during boll
development stages, while producing more flowers in the high yield-
ing Acala Maxxa background, towards ever higher yields.

One additional QTL shows more subtle effects on season-long
growth trajectories. In Acala Maxxa background, introgression of a
chromosomal segment from Pima Sé at a chromosome 12 region cen-
tered on the DNA marker $22_30860588 was associated with a delay
of the end of the flowering period, and a nearby marker
(S22_37477542) was associated with a higher slope of the progres-
sion of flowering, explaining 4%-6% of phenotypic variation in these
traits. Additional QTLs on chromosomes 1, 2, 13, and 20 (in Acala
Maxxa background) and 3 and 5 (Pima Sé background) had significant
effects on the slope of the floral progression, reflecting whether a
genotype is “conservative” (dispersing flowering over a long period,
thus increasing the likelihood that at least a subset coincides with

favorable conditions for fertilization) or “aggressive,” flowering in a

LOD PVE (%) a d d/a
4.32 7.66 —4.37

4.88 15.94 -7.37

3.07 6.32 6.23

3.88 3.15 —38.52

3.17 5.52 —15.05

3.06 4.91 -9.81

4.51 3.22 -17.89

6.93 4.42 0.35

3.28 296 0.08

3.42 221 —4.39 24.85 —5.66
3.12 12.33 7.19

3.13 4.22 19.51

4.38 4.97 —4.72 —32.38 6.86
3.65 4.93 9.74

3.44 3.79 16.11

4.38 5.96 9.58 -29.41 -3.07
3.97 391 13.35

7.83 2.57 0.66 0.16 0.24
4.12 4.33 —0.02 0.33 —16.50
4.42 3.74 0.89

6.55 3.27 0.14

5.53 4.28 0.34

4.11 9.63 0.94 0.38 0.40
5.191 6.13 0.39

narrower window that may be optimal, resulting in more uniform and
therefore more valuable seed and fibers (a seed byproduct, i.e., the
primary economic product for which cotton is cultivated.)

3.6 | Reciprocal correspondence

A perplexing observation was the complete absence of reciprocally
corresponding loci affecting the traits (QTLs). Under additive inheri-
tance, a high degree of reciprocity is expected in the number and
magnitude of effects of introgressed regions in reciprocal populations,
suggesting that multi-locus epistasis may play a major role in the
salient traits. Another factor may be the small phenotypic effects of
most of the identified QTL, increasing the likelihood that one or both
members of a reciprocal pair elude detection (Broman, 2001). How-
ever, one reciprocally introgressed segment in chromosome 3 was
affecting peak flowering time in Pima S6 background, while it affected
flowering start and end as well the slope of floral progression in the

Acala Maxxa background. Given that these traits are correlated traits
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extracted from the same set of flower count data, further scrutiny of
this genomic regions might shade more light on the underlying
mechanisms.

Close inspection of markers associated with traits at likelihoods
below the LOD threshold of three identified five additional cases of
loci within 3 Mb of their reciprocal location with opposite phenotypic
effects in the reciprocal background. Noting that the NIL sets, respec-
tively, cover 71.48% and 78.72% of the Acala Maxxa and Pima S6
genomes, about 1/3 of the genome lacks reciprocally introgressed
segments—for example, a QTL for peak flowering time was identified
in chromosome 24 in the Pima Sé background, which lacked intro-
gression in the Acala Maxxa background.

3.7 | Similarity with QTLs previously reported
Flowering response in cotton is a very complex trait, and it has not
been as comprehensively studied as fiber quality or yield traits. An
additional level of complexity comes from the definition of flowering-
related traits that are being extracted and utilized in genetic mapping.
Some mapping studies have defined flowering-related traits as time of
flowering initiation, flowering duration, and flowering cessation, while
others have early maturity traits as synonymous with early flowering
traits (Fu et al., 2019; Guo et al., 2009; Jia et al., 2016; Li et al., 2012;
Li et al., 2017; Yufang et al., 2007). A few studies have also used time
to 50% flowering and days to 50% boll opening as well as percentage
of open flowers and open bolls to characterize early maturity in cot-
ton (Adhikari, 2015; Jia et al., 2016).

Using an interspecific recombinant inbred line (RIL) population
developed from the cross between an early maturing variety CCRI36
and a late maturing accession G2005, Jia et al. (2016) identified a total
of 247 flowering-related QTLs, 10 of which (for days to 50% flower-
ing) colocalized in the same chromosomes in which we identified
QTLs for flowering start date and flowering duration (chromosomes
2,3, 8,11, and 18). In a study using 169 upland cotton backbone culti-
vars and breeding lines (Fu et al., 2019), GWAS identified two signifi-
cant marker-trait associations for NFFB in chromosome 3, three in
chromosome 8, and one in chromosome 18. The four QTLs for flower-
ing start date identified in our study are each located in these same
chromosomes.

Identification of QTL correspondence for flowering-related QTLs
in cotton is a daunting task given the variation in trait names and
methods used to collect and report these traits. Utilizing the hyper-
geometric probability method described by Feltus et al. (2006), we
looked for correspondence to the flowering-related QTLs identified in
our study with those previously reported. A total of 499 previously
reported QTLs (17 publications from 1998 to 2021, Table S1) were
used to identify correspondence to the QTLs identified in our study
(Table 4). To account for the nonuniformity in the type of traits mea-
sured to quantify flowering behavior, traits of similar nature were
used for correspondence. For example, QTLs for FT, NFFB/FFBN/
NFB, and HFFBN, which were used to quantify the initiation of flow-
ering in cotton, were used to correspond “Start Date” QTLs in our

study. Likewise, bud period (BP), flower and bud period (FBP), and GP
QTLs were used to find correspondence to flowering duration QTLs.
Yield percent before frost (YPBF), QTLs were used as correspondence
to flower end-time QTLs. No QTLs of corresponding nature were
identified for peak flowering time and slope.

A total of five QTLs (related to three traits described in current
study) corresponded nonrandomly (p < 0.05) with at least one of the
previously reported QTLs (Table S2). For example, flowering start date
QTL reported here showed nonrandom overlap (p = 0.0003) with
NFFB QTL reported by Fu et al. (2019). Similarly, flowering duration
QTL identified in our study corresponded with FBP QTL reported by
Su et al. (2016) in a natural population of cotton. Likewise, three non-
randomly overlapping QTLs were identified for flowering end date (Fu
et al., 2019; Li et al., 2012, 2016). These few, but statistically signifi-
cant, nonrandomly correspondent QTLs provide for validation of the
QTLs identified in our study as well as for the need of further explora-
tion of these genomic regions to dissect these important agroeco-
nomic traits in cotton.

The four major effect flowering-related QTLs identified in this
study are on chromosomes 3, 11, 12, and 13. Numerous published
studies show that these chromosomes also host QTLs for fiber quality
traits (Rong et al., 2007; Said et al., 2013; Wang et al., 2013). Guo
et al. (2008) also identified QTLs for NFB clustered with fiber quality
QTLs and suggested that most NFB QTLs were linked with some
QTLs related to fiber quality. In addition, several other fiber quality
QTL hotspots previously identified might harbor the small-effect QTLs
identified in our study. If there is a positive linkage between
flowering-related and fiber quality QTLs co-occurring in these clus-
ters, selection of genotypes with favorable flowering behavior would
also select fiber and yield genes/gene combinations from the donor
parent. Simultaneous selection of genotypes that flower early and
have short flowering duration with desired fiber quality traits by
marker-assisted selection may accelerate cotton improvement. This
demands further exploration of these immortal lines for relationship
between flowering-related traits and fiber quality-related traits. Inves-
tigation into these relationships could be one of our next adventures
in further deciphering the genomic organization of these QTL hot-

spots in the cotton genome.

3.8 | Identification of candidate gene(s)

Mapping traits to small regions and deducing candidate genes poten-
tially affecting these traits are of especially high value in woody
perennials with complex genomes and long generation times that slow
breeding progress. For example, on chromosome 2 near S2_6037287,
there was ERF1B (Gh_A02G0377), which is expressed during the four-
leaf visible stage and flowering stage and is responsible for regulation
of transcription- and ethylene-activated signaling (mostly defense
related) during flowering, fruit development, and ripening in woody
plants (El-Sharkawy et al., 2009; Ninh et al., 2021; Zhang, Zhang,
et al., 2021). Another gene, PRP (Gh_A02G0378 and Gh_A02G0379),
in close proximity to ERF1B, has similar functions and expression
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patterns and has important roles in restructuring cell walls during cot-
ton fiber elongation (Feng et al, 2004). Similarly, GATA15
(Gh_A121163) was identified as the nearest gene of interest on chro-
mosome 12. This gene is responsible for developmental growth and
response to temperature stimulus and is shown to be expressed dur-
ing flowering and petal differentiation stages in flower, flower pedicel,
and inflorescence meristem (Zhang et al., 2019).

While all these genes are potential candidates for flowering
response genes in cotton, further investigation is necessary to verify
their role in floral initiation and flowering habit in cotton. Genome-
wide association approaches taking advantage of whole-genome or
reduced representation sequencing may afford even finer map preci-
sion than the NIL approach in natural populations with long histories
of recombination, albeit requiring careful measures to mitigate false-

positive associations.

4 | CONCLUSION

Iteratively tracking flowering over a long season by applying an
efficient flower detection and counting deep learning model to a well-
structured mapping population has identified both additive and trans-
gressive genetic factors conferring different reproductive strategies
that might be successful in different environments. The reciprocal set
of NILs we developed not only provides a well-suited set of individ-
uals for efficient mapping of these traits but also helps investigate
the reciprocal effects of the introgressed segments into the recipient
genome. All the flowering traits used in this study showed significant
differences between genotypes, indicating that, albeit imperfect, the
counting approach is able to measure genetically controlled differ-
ences in flowering attributes. The counting-by-detection approach for
identifying and collecting flower counts in cotton could likely be
applied to other crops with similar canopy structures, provided that
individual flowers can be distinguished by aerial imaging. While the
performance of the counting model can be improved, the partially
automated annotation approach makes it routine to expand the data-
set as required to achieve acceptable performance on other taxa.
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